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Abstract

Do state minimum wage increases affect young adults’ ability to form independent
households? I exploit staggered adoption of state minimum wages above the federal floor
of $7.25 per hour using a panel of 51 U.S. jurisdictions over 2015-2022 (excluding 2020,
when the ACS one-year estimates were not released due to COVID-19). Applying the
Callaway and Sant’Anna (2021) heterogeneity-robust difference-in-differences estimator,
I define treatment as the first year a state’s effective minimum wage exceeds the
federal level by $1.00 or more, yielding 31 treated states and 20 never-treated controls;
of these, 16 states (cohorts 2016-2021) contribute to the CS-DiD ATT, as earlier
cohorts are “always-treated” within the panel. Census Bureau American Community
Survey data on living arrangements of 18-34 year-olds (Table B09021, age-group-
specific cells B09021__008E-014E) reveal that the overall average treatment effect on the
treated for parental co-residence is —0.540 percentage points (SE = 0.446), statistically
indistinguishable from zero. This null result is robust across alternative treatment
thresholds, control groups (never-treated, not-yet-treated), estimators (TWFE, Sun—
Abraham event study), exclusion of pandemic-era observations, and alternative outcomes.
The findings suggest that minimum wage increases at observed magnitudes do not
produce detectable shifts in aggregate household formation patterns among young
adults, likely because wage gains are modest relative to housing costs and are diluted
across the broad 18-34 population. Effects on directly exposed subpopulations cannot

be ruled out.
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1. Introduction

Over the past decade, state minimum wages have become one of the most actively debated
policy instruments in American labor economics. Between 2013 and 2022, more than 30 states
raised their minimum wages above the long-stagnant federal floor of $7.25 per hour, with
several adopting $15-per-hour targets (Dube, 2019; Cengiz et al., 2019). A vast literature
has examined the employment and earnings consequences of these increases (Neumark and
Wascher, 2007; Manning, 2021), yet surprisingly little is known about how minimum wage
changes affect household formation—the decision of young adults to leave their parents’ homes
and establish independent residences. This paper investigates whether state minimum wage
increases enable or hinder young adult household formation, contributing to our understanding
of how labor market policies shape demographic outcomes.

The question is timely and important. The share of young Americans living with their
parents has risen sharply, reaching levels not seen since the 1940s (Fry, 2016). In 2022,
roughly one-third of adults aged 18-34 lived in a parent’s home, up from about one-quarter in
2000. This trend has profound implications for household consumption, fertility, local housing
markets, and intergenerational transfers (Kaplan, 2012; Dettling and Hsu, 2018). If minimum
wage increases improve the economic position of young workers, they could facilitate the
transition to independent living. Alternatively, if disemployment effects dominate (Neumark
and Shirley, 2022), or if wage gains are absorbed by rising housing costs (Yamaguchi, 2020),
the net effect on household formation could be negligible or even adverse.

This paper exploits the staggered adoption of state minimum wages above the federal floor
to estimate the causal effect of minimum wage increases on young adult living arrangements. I
construct a balanced panel of all 51 U.S. jurisdictions (50 states plus the District of Columbia)
spanning 2015-2019 and 2021-2022 (7 years; the 2020 ACS one-year estimates were not
released), drawing on the Census Bureau’s American Community Survey Table B09021, which
reports the living arrangements of individuals aged 18-34. Treatment is defined as the first
year in which a state’s effective minimum wage exceeds the federal level by $1.00 or more,
generating 31 treated states with varying adoption dates and 20 never-treated states that
remained at or near $7.25 throughout the sample period.

I employ the Callaway and Sant’Anna (2021) group-time average treatment effect estima-
tor, which is designed for settings with staggered treatment adoption and avoids the well-
documented biases of traditional two-way fixed effects (TWFE) estimators (Goodman-Bacon,
2021; de Chaisemartin and D’Haultfeeuille, 2020). The estimator computes cohort-specific
treatment effects for each treatment timing group and aggregates them into an overall average

treatment effect on the treated (ATT). As a complementary analysis, I also report results



from the interaction-weighted estimator of Sun and Abraham (2021) and standard TWFE.

The main finding is a null result. The overall ATT of state minimum wage increases on the
share of 18-34 year-olds living with their parents is —0.540 percentage points (SE = 0.446),
not statistically significant at conventional levels. The point estimate implies that minimum
wage increases are associated with a modest decrease in parental co-residence—roughly half
a percentage point on a base rate of 30.76 percent—and the 95% confidence interval of
[—1.414,0.334] does not exclude zero. The TWFE estimate is 0.000 (SE = 0.381), and the
Sun-Abraham mean post-treatment effect is —0.880 (SE = 0.622), all consistent with a null
effect. The Sun—Abraham estimator shows some significant pre-treatment coefficients, but the
preferred CS-DiD event study exhibits no pre-trend violations, supporting the identification
strategy.

This null result is robust across an extensive battery of sensitivity analyses. I vary the
treatment threshold from $0.50 to $2.00 above the federal floor, finding point estimates
that range from —1.75 to +0.08 and are uniformly insignificant. I use the not-yet-treated
control group as an alternative to the never-treated group (ATT = —0.496, SE = 0.794),
finding a consistent null. Since the 2020 ACS was not fielded, the baseline already excludes
the first pandemic year; as an additional check, I drop 2021—the first available pandemic
year—and find essentially identical results (ATT = —0.540, SE = 0.439). As a supplementary
outcome, I estimate the effect on the share of young adults in “other living arrangements”
(other relatives and other nonrelatives of the householder), which yields a near-zero estimate
(ATT = 0.019, SE = 0.445); because the three living-arrangement shares sum to 100% by
construction, this is not an independent test but confirms that the null on co-residence is not
offset by movements into other categories.

The event study decomposition provides further support for the identification strategy.
Pre-treatment coefficients at event times e = —5 through e = —2 are small and statistically
insignificant, with no evidence of differential pre-trends. Post-treatment coefficients are
negative but individually insignificant at conventional levels, consistent with the overall null
finding. The absence of a clear break at e = 0 reinforces the conclusion that minimum wage
increases do not generate detectable shifts in household formation.

This paper contributes to three strands of the literature. First, it extends the minimum
wage literature beyond its traditional focus on employment and earnings (Card and Krueger,
1994; Dube et al., 2010; Cengiz et al., 2019; Harasztosi and Lindner, 2019) to examine
demographic and household outcomes. While several studies have considered effects on
poverty and material hardship (Dube, 2019; Leigh, 2010), few have examined household
formation directly. Dettling and Hsu (2018) study the determinants of young adults living

with parents but do not focus on minimum wages. Aaronson et al. (2012) examine the



consumption response to minimum wage increases and find significant effects on durables,
suggesting that income gains could facilitate household transitions—a prediction not borne
out in my data.

Second, the paper contributes to the literature on young adult living arrangements and
the transition to adulthood (Kaplan, 2012; Fry, 2016; Lee and Painter, 2018). Existing
research emphasizes labor market conditions (Matsudaira, 2008), student loan debt (Dettling
and Hsu, 2018; Bleemer et al., 2021), and housing costs (Ermisch, 1999) as determinants of
household formation. My results suggest that minimum wage policy, at observed magnitudes
and at the aggregate state-year level, does not produce detectable shifts in these transitions,
perhaps because wage gains are too small relative to housing costs or because the affected
population (minimum wage workers) is a small share of the 18-34 demographic.

Third, the paper contributes methodologically to the growing literature on heterogeneity-
robust difference-in-differences estimators. 1 implement the full suite of modern DiD
diagnostics—Callaway—Sant’Anna event studies, Bacon decomposition (Goodman-Bacon,
2021), Sun—Abraham interaction-weighted estimation, and sensitivity analysis for parallel
trends violations (Rambachan and Roth, 2023)—providing a template for applied researchers
working with staggered policy adoption.

The relationship between income and household formation has been studied extensively.
Haurin et al. (1993) provide canonical evidence that real rents and wages jointly determine
household formation rates. Mykyta and Macartney (2011) document how the Great Recession
increased “doubling up” among American households, suggesting that economic shocks affect
living arrangements. Clemens and Wither (2019) show that minimum wage increases during
the Great Recession affected low-skilled workers’” employment trajectories, which could
plausibly propagate to household formation decisions.

The remainder of the paper proceeds as follows. Section 2 provides institutional background
on minimum wage policy and young adult living arrangements. Section 3 develops a simple
conceptual framework for the competing effects of minimum wages on household formation.
Section 4 describes the data sources, variable construction, and summary statistics. Section
5 presents the empirical strategy, including the staggered DiD framework and identification
assumptions. Section 6 reports the main results, event study estimates, and comparisons
across estimators. Section 7 presents robustness checks including alternative thresholds,
additional outcomes, COVID exclusions, and sensitivity analysis. Section 8 discusses the

interpretation and limitations of the findings, and Section 9 concludes.



2. Imstitutional Background and Policy Setting

2.1 The Federal and State Minimum Wage Landscape

The federal minimum wage has been set at $7.25 per hour since July 2009, the longest period
without a federal increase since the minimum wage was established in 1938 (DeSilver, 2017).
This prolonged stagnation at the federal level has created an environment in which state and
local governments have become the primary drivers of minimum wage policy. As of January
2023, 30 states and the District of Columbia had minimum wages above $7.25, with rates
ranging from $8.00 to $16.10 in Washington state (DOL, 2023).

The trajectory of state minimum wage increases has been highly heterogeneous. Some
states, including Connecticut, Oregon, Washington, and the District of Columbia, adopted
rates above the federal floor well before 2010. Others joined the trend between 2014 and
2019, often through ballot initiatives (such as Arizona, Arkansas, and Missouri) or through
legislative action as part of the “Fight for $15” movement (Reich, 2017). A substantial group
of states—predominantly in the South—mnever adopted rates above $7.25 during the sample
period, providing a natural comparison group.

This staggered adoption pattern creates a research design amenable to modern difference-
in-differences methods. States adopted higher minimum wages at different times, for different
reasons (legislative action, ballot initiatives, automatic indexing), and reached different levels.
The key identification assumption is that, conditional on state and year fixed effects, the
timing of minimum wage increases is not systematically correlated with differential trends in
young adult living arrangements.

The political economy of minimum wage adoption is relevant for interpreting the results.
States that raised their minimum wages tend to be more urban, more politically liberal,
and wealthier on average than states that did not (Dube et al., 2010). These compositional
differences are absorbed by state fixed effects in the DiD framework, but time-varying
differences in economic conditions between the two groups could threaten identification if
they are correlated with both minimum wage timing and household formation trends. I

discuss this concern further in the empirical strategy section.

2.2 Who Earns the Minimum Wage?

Minimum wage workers are disproportionately young, with approximately half under the age
of 25 (BLS, 2022). Among workers aged 16-24, roughly 11% earn at or below the federal
minimum wage, compared to about 2% of workers aged 25 and older. The relevance of

minimum wage policy for young adult household formation depends on the share of the 18-34



population whose wages are directly or indirectly affected by minimum wage increases.

Cengiz et al. (2019) document substantial spillover effects of minimum wage increases on
workers earning up to $3 above the new minimum, expanding the directly affected population
considerably. For a $1 increase in the minimum wage, they estimate that the number of
jobs paying below the new minimum falls sharply, with a roughly equivalent increase in jobs
paying at or just above the new minimum. These “ripple effects” mean that minimum wage
increases affect a broader swath of young workers than the headline minimum-wage worker
count would suggest.

However, a critical limitation for this study is that the Census ACS data on living
arrangements cover all 18-34 year-olds, including college students, professionals, and others
whose labor market outcomes are unlikely to be affected by minimum wage policy. This
dilution across the full demographic group may attenuate any true effect among the directly

affected subpopulation, a point I return to in the discussion.

2.3 Young Adult Living Arrangements

The transition from the parental home to independent living is a key marker of the transition
to adulthood (Arnett, 2000). In the United States, the share of 18-29 year-olds living with
parents rose from 24% in 2000 to 52% in mid-2020 (during the COVID-19 pandemic), before
declining somewhat by 2022 (Fry et al., 2020). The Census Bureau’s Table B09021 provides
state-level data on the living arrangements of 18-34 year-olds, categorizing them as living with
parents (child of householder), living independently (as householder, spouse/partner, or living
alone), or in other arrangements (other relatives or other nonrelatives of the householder).

The determinants of young adult household formation are multifaceted. Labor market
conditions—employment prospects, wages, and job stability—are primary drivers (Matsudaira,
2008). Housing affordability is another critical factor, with Ermisch (1999) showing that
higher housing costs significantly delay household formation in the United Kingdom. Student
loan debt has emerged as an additional barrier, with Bleemer et al. (2021) finding that
student debt reduces homeownership and increases parental co-residence. Cultural factors,
including rising acceptance of multigenerational living, also play a role (Fry, 2016).

The interaction between minimum wages and housing costs is particularly relevant. If
minimum wage increases raise incomes but housing costs simultaneously rise (either due to
general inflation or because higher-wage workers bid up rents), the net effect on housing
affordability could be minimal. Yamaguchi (2020) provides theoretical and empirical evidence
that minimum wage increases can lead to higher rents in local housing markets, partially
offsetting the income gains for low-wage workers. This “housing cost offset” channel provides

a plausible explanation for a null result in this setting.



3. Conceptual Framework

I develop a simple framework to organize the competing channels through which minimum
wage increases may affect young adult household formation. Consider a young adult ¢ in
state s at time ¢ who chooses between living independently (at cost Ry, the rental price of
housing) and living with parents (at zero direct housing cost, but with utility loss §; > 0

reflecting reduced privacy and autonomy). The individual lives independently if and only if:

Wist — Rst +0; > U; (1)

where w;g is the individual’s wage income and u; is a reservation utility reflecting the
consumption value of the parental home. Independent living is increasing in wages w;s and
the preference for autonomy 9;, and decreasing in rent Rg.

A minimum wage increase AM Wy, affects this decision through three channels:

Channel 1: Income effect (positive). For young adults earning at or near the
minimum wage, the increase directly raises w;y, making independent living more affordable.
The magnitude depends on the share of 18-34 year-olds earning at or near the minimum
and on hours worked. For a full-time worker earning $7.25, a $1 increase represents a 13.8%
raise, or approximately $2,080 in annual income—meaningful, but modest relative to median
annual rent of approximately $12,000-$15,000.

Channel 2: Disemployment effect (negative). If the minimum wage increase reduces
employment among young workers (Neumark and Shirley, 2022), some individuals experience
w;s¢ — 0, pushing them below the threshold for independent living. The magnitude of
this channel is contested, with recent evidence suggesting employment effects are small for
moderate increases (Cengiz et al., 2019; Dube, 2019).

Channel 3: Housing cost effect (ambiguous). Higher minimum wages may increase
local housing demand and thus rents Ry, partially or fully offsetting the income gain
(Yamaguchi, 2020). The sign depends on the relative elasticities of housing supply and
demand with respect to the minimum wage.

The net effect on household formation is thus:

OPr(independent);s,  Ow OR

_ _ — Pr(job loss) - 2
MW, N oM Lrliob loss) - w (2)

Income (+) Rent (+/—)

Disemp. (—)

The sign and magnitude of the overall effect is an empirical question. A null result is
consistent with these channels approximately offsetting each other, or with each channel

being individually small.



Testable predictions. (1) If the income channel dominates, minimum wage increases
should reduce parental co-residence and increase independent living. (2) If the disemployment
channel dominates, co-residence should increase. (3) Effects should be larger for demographic
subgroups with higher exposure to the minimum wage (younger workers, non-college workers,
service sector). (4) Effects should be larger in areas with lower housing costs, where the
income effect is more likely to exceed the rent offset. I test prediction (4) through the regional

heterogeneity analysis.

4. Data

4.1 Living Arrangements: Census ACS Table B09021

The primary outcome data come from the U.S. Census Bureau’s American Community Survey
(ACS), specifically Table B09021: “Living Arrangements of Adults 18 Years and Over by Age.”
I use the age-group-specific cells for the 18-34 population (variables B09021 008E through
B09021_014E), which report the number of adults aged 18-34 in various living arrangement
categories: living with parents (as a child of the householder), living independently as the
householder or spouse/unmarried partner, living alone, and living in other arrangements
(other relatives and other nonrelatives of the householder). I accessed these data via the
Census Bureau’s API for all 51 jurisdictions (50 states plus DC) for the years 2015-2019 and
2021-2022 (the 2020 ACS one-year estimates were not released).

I construct three outcome variables expressed as a percentage of the total 18-34 population:

« Parental co-residence rate (pct_with_parents,,): The share of 18-34 year-olds

living as a child in the parent’s household. This is the primary outcome.

» Independent living rate (pct_independent,,): The share living alone, with a spouse,

or with an unmarried partner.

o Other arrangements rate (pct_other,): The residual share (other relatives plus
other nonrelatives of the householder), used as an additional outcome. Note that by
construction pct_ parents + pct__independent + pct__other = 100, so this outcome is

not independent of the main dependent variable.

Table B09021 has two important features for this analysis. First, it covers the full universe
of 18-34 year-olds, not just the labor force, which means the outcome captures both working
and non-working young adults. Second, the table is available annually at the state level
for one-year ACS estimates beginning in 2005, though I focus on 2015-2022 (excluding

2020, when the Census Bureau did not release ACS one-year estimates due to low pandemic
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response rates) to ensure a panel period in which the staggered adoption of state minimum
wages is active.

A limitation of Table B09021 is that it identifies parental co-residence as “living as a
child of the householder,” which undercounts young adults who live with a parent who is not
listed as the householder. This measurement issue likely leads to an undercount of parental

co-residence and could attenuate detectable effects.

4.2 Minimum Wage Data

State minimum wage data come from the U.S. Department of Labor’s Historical State
Minimum Wage Tables, supplemented with cross-referencing to the National Conference of
State Legislatures (NCSL) database (DOL, 2023). For each state and year, I record the
predominant effective minimum wage for the calendar year. The effective minimum wage is
the higher of the state and federal rates.

I define the treatment cohort G4 as the first calendar year in which the state’s effective
minimum wage exceeds the federal floor by $1.00 or more; never-treated states have G, = co.

For descriptive and TWFE purposes, I also define a post-treatment indicator:
Posty, =1t > G4 (3)

The $1.00 threshold ensures that treatment captures economically meaningful increases rather
than trivial differences (e.g., states with minimum wages of $7.50). I test robustness to
thresholds of $0.50, $1.50, and $2.00. The “Treated (binary)” variable in Table 1 is Post,
taking the value 1 in all state-years at or after the adoption year.

Under this definition, 31 states are treated at some point during or before the panel
period, and 20 states are never-treated (remaining at $7.25 throughout the sample period).
Table 7 in the appendix lists the treatment cohorts. Important for identification, early cohorts
(2010-2014) are already treated when the panel begins in 2015. These states—including
Connecticut, the District of Columbia, Illinois, Oregon, Washington, Vermont, California,
and New Jersey—are dropped by the Callaway and Sant’Anna (2021) estimator because
no pre-treatment data are available within the estimation sample. Similarly, the 7 states
first treated in 2015 (AK, DE, MA, MN, NY, RI, SD) have no pre-treatment year within
the panel and are therefore treated as “always-treated” by the CS-DiD estimator—they do
not contribute to the ATT estimand. Effectively, the estimator identifies treatment effects
from cohorts first treated in 2016 or later: 2016 (6 states), 2017 (3), 2018 (3), 2019 (1),
2020 (1), and 2021 (2), yielding 16 states that contribute to the CS-DiD ATT, with the 20

never-treated states serving as controls.
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4.3 Additional State-Level Variables

The main specifications rely exclusively on state and year fixed effects for identification,
without additional time-varying covariates. This parsimonious approach is deliberate: median
gross rent by state (obtained from ACS Table B25064) is available for the full panel and
provides a useful descriptor of housing cost variation, but rent is a potential mediator—not a
confounder—in the relationship between minimum wages and household formation. Including
rent as a regression control would absorb part of the causal channel if minimum wage increases
raise local rents (Yamaguchi, 2020), biasing the estimated treatment effect toward zero. Rent
data are therefore used for descriptive purposes and to contextualize the results, but are not
included as covariates in the main regressions.

State population data from the Census Bureau serve as an additional descriptor but
are not included as a regression control, as population size is not a plausible confounder
conditional on state and year fixed effects.

State unemployment rates come from the Bureau of Labor Statistics Local Area Unem-
ployment Statistics (LAUS) program, which provides annual average unemployment rates for
all 51 jurisdictions. I use unemployment as a balance test variable rather than a regression
control, since state and year fixed effects already absorb level differences and common trends

in labor market conditions. Section 7.7 reports the unemployment balance test.

4.4 Sample Construction

The analysis sample is a balanced panel of 51 jurisdictions x 7 years (2015-2019, 2021-2022)
= 357 state-year observations. The 2020 ACS one-year estimates were not released by the
Census Bureau due to low response rates during the COVID-19 pandemic, so the panel spans
7 of 8 calendar years in the 2015-2022 window. All states have complete data for all outcome
variables in all years. Some specifications use 356 observations due to singleton drops in the
Sun—Abraham estimator.

The panel covers a period of substantial minimum wage variation. At the beginning of
the sample (2015), 30 jurisdictions had minimum wages above $7.25. By the end (2022), 31
did. The mean effective minimum wage rose from approximately $7.94 in 2015 to $9.95 in
2022 (Table 8), reflecting the broad trend of state-level minimum wage increases during this

period.

4.5 Summary Statistics

Table 1 presents summary statistics for the analysis panel.
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Table 1: Summary Statistics

Variable Mean SD Min Max N
Panel A: Outcome Variables

% Living with parents 30.76 6.35 11.88 47.31 357
% Living independently 45.44 6.95 32.00 67.75 357
% Living alone 8.66 2.56 3.64 28.13 357
% With spouse 25.18 4.61 13.98 36.15 357
% With partner 11.60 2.80 5.70 21.86 357
Panel B: Treatment Variables

State minimum wage (%) 8.78 1.86 7.25 16.10 357
Federal minimum wage ($) 7.25 0.00 7.25 7.25 357
MW gap ($) 1.53 1.86 0.00 8.85 357
Treated (binary) 0.50 0.50 0.00 1.00 357
Panel C: Control Variables

State population 6,416,957 7,265,529 577,737 39,557,045 357
Median gross rent ($) 1026.47 254.52 675.00 1870.00 357

Notes: State-year panel, 2015-2019 and 2021-2022 (the 2020 ACS one-year estimates were
not released due to COVID-19). 51 jurisdictions (50 states plus DC) x 7 years = 357
state-year observations. Outcome variables expressed as percentages of the total 18-34

population. Treatment defined as state minimum wage exceeding the federal floor by
>$1.00.

The mean share of 18-34 year-olds living with parents is 30.76%, with a standard deviation
of 6.35 percentage points and a range from 11.88% to 47.31%. The independent living rate
averages 45.44% (SD = 6.95), indicating that a plurality—but not a majority—of this age
group lives independently; the remainder live in other arrangements (other relatives or other
nonrelatives of the householder). The mean effective state minimum wage is $8.78 with
substantial variation (SD = $1.86), and the mean gap above the federal floor is $1.53. Median
gross rent averages $1,026 per month, ranging from $675 to $1,870, reflecting the large
cross-state variation in housing costs.

Several features of the summary statistics deserve emphasis. First, the parental co-
residence rate of 30.76% is broadly consistent with national estimates. The Census Bureau’s
Table B09021 captures those living “as a child of the householder,” which aligns with external
benchmarks showing roughly one-third of 18-34 year-olds in parental households (Fry, 2016).

Second, state population varies enormously (from 578,000 in Wyoming to 39.6 million in
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California), but this variation is absorbed by state fixed effects.

5. Empirical Strategy

5.1 Staggered Difference-in-Differences

The identification strategy exploits the staggered adoption of state minimum wages above
the federal floor. States adopted higher minimum wages at different times between 2010 and
2021, creating treatment cohorts defined by their year of first treatment. I compare outcomes
in treated states before and after treatment to outcomes in never-treated states over the
same period.

Define G € {2010,2012,2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021, 00} as the treat-
ment cohort for state s, where G, = ¢ indicates that state s first exceeded the $1.00 treatment
threshold in year g, and G, = oo denotes never-treated states. The group-time average

treatment effect for cohort g at time t is:

ATT(g,t) = E[Yau(g) — Ya(oo) | G5 = g (4)

where Yy (g) is the potential outcome under treatment at time g and Y, (oco) is the counter-

factual outcome under no treatment.

5.2 Callaway—Sant’Anna Estimator

[ estimate the group-time ATTs using the Callaway and Sant’Anna (2021) estimator, imple-
mented in the did R package. This estimator identifies each ATT(g,t) by comparing the
change in outcomes for cohort g from period g — 1 to period ¢ with the corresponding change
for the comparison group. I use never-treated states as the primary comparison group, and
the not-yet-treated group as a robustness check.

The estimator computes ATT (g, t) for each cohort-time cell and then aggregates to obtain:

ATT =" w(g,t) - ATT (g, t) (5)

g t>g

where w(g,t) are cohort-time weights proportional to group size and the number of post-

treatment periods. I also report the dynamic (event-study) aggregation:

ATT(e Z wy(e ATT(g,9 + ) (6)

for event times e € {—5,—4,...,0,1,2,3}, where e = 0 is the year of treatment adoption.
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The underlying group-time ATTs are estimated using a universal base period: each
cohort’s post-treatment outcomes are compared to the average of all its pre-treatment periods,
rather than to the immediately preceding period g — 1 alone. This choice is important for the
2021 treatment cohort (Nevada and Virginia), for which the immediate pre-treatment year
(2020) is absent from the panel because the Census Bureau did not release ACS one-year
estimates for 2020. Under the universal base period, the 2021 cohort’s pre-treatment periods
are 2015-2019; the absence of 2020 does not affect identification.

For the event-study aggregation, the aggte() function normalizes the dynamic ATT
estimates so that ZT\T(e = —1) = 0 by construction (i.e., e = —1 serves as the display
reference). This is a re-centering of the event-study plot, not a change in the underlying base
period used for identification. Pre-treatment coefficients (e < —1) test whether treatment and
control groups diverged before treatment, while post-treatment coefficients (e > 0) measure
the causal effect.

Standard errors are computed via the clustered bootstrap at the state level, with 999
bootstrap replications. This accounts for serial correlation within states and provides valid
inference with 51 clusters (Cameron et al., 2008; Cameron and Miller, 2015). Recent
syntheses of the staggered DiD literature (Roth et al., 2023; Wooldridge, 2021) emphasize the
importance of transparent identification diagnostics, which we provide through event-study

plots, pre-trend tests, and sensitivity analysis.

5.3 Complementary Estimators

Two-way fixed effects (TWFE). As a benchmark, I estimate:
Yo=as+n+ 0 Dstea (7)

where a, and v, are state and year fixed effects, Dy is a binary treatment indicator, and
eq is clustered at the state level. No additional time-varying covariates are included in
any specification: median rent is a potential mediator rather than a confounder, and state
unemployment is used as a balance test rather than a control (see Section 7.7). As Goodman-
Bacon (2021) and de Chaisemartin and D’Haultfeeuille (2020) show, BTWFE is a weighted
average of all 2x2 DiD comparisons in the data, with some weights potentially negative
when treatment effects are heterogeneous. I report TWFE results for comparability with the
existing literature but interpret them cautiously.

Sun—Abraham interaction-weighted estimator. I implement the Sun and Abraham
(2021) estimator via the sunab() function in the fixest R package. This estimator interacts

cohort indicators with relative time indicators and then aggregates using the cohort share
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weights, yielding consistent estimates under treatment effect heterogeneity. The resulting
estimator provides cohort-specific event study coefficients and an aggregate treatment effect.
Alternative heterogeneity-robust estimators include the imputation approach of Borusyak
et al. (2024).

Bacon decomposition. To diagnose the sources of variation underlying the TWFE
estimate, I implement the Goodman-Bacon (2021) decomposition, which partitions BTWFE
into a weighted average of three types of 2x2 comparisons: (1) treated vs. never-treated, (2)
earlier-treated vs. later-treated, and (3) later-treated vs. earlier-treated. The last two types
can receive negative weights, biasing the TWFE estimate when treatment effects vary over

time.

5.4 Identification Assumptions

The key assumption is parallel trends: in the absence of treatment, the change in living

arrangements in treated states would have been the same as in never-treated states. Formally:

E [Yit(00) = Yss-1(00) | Gs = g] = E[Yi(00) — Y p-1(00) | G = ] (8)

for all g and for all pre-treatment periods t < g. While this assumption is not directly
testable, it can be assessed by examining pre-treatment trends. If the assumption holds, we
expect A/T\T(g,t) ~ 0 fort<g.

I also assume no anticipation: states do not adjust their living arrangements in anticipation
of future minimum wage increases. Given that minimum wage legislation is typically enacted
one to two years before taking effect, and that household formation decisions are not highly

forward-looking with respect to minimum wage policy specifically, this assumption is plausible.

5.5 Threats to Validity

Several potential threats to identification merit discussion.

Endogeneity of minimum wage timing. States may adopt higher minimum wages in
response to economic conditions that also affect living arrangements. For example, states
with tight labor markets and rising wages may be more likely to raise the minimum wage
and to experience improved household formation due to the strong economy. This concern is
mitigated by the inclusion of state fixed effects (absorbing level differences) and year fixed
effects (absorbing national trends), but differential state-specific trends remain a potential
confounder.

Confounding policies. States that raise minimum wages may simultaneously adopt

other policies (e.g., housing subsidies, earned income tax credit supplements, Medicaid
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expansion) that also affect household formation. I cannot separately identify the minimum
wage effect from these correlated policy changes, and the estimate should be interpreted as
the effect of the minimum wage increase plus any correlated policy bundle.

COVID-19. The pandemic caused a sharp, temporary increase in parental co-residence
as young adults lost jobs and shelter-in-place orders were issued (Fry et al., 2020). The 2020
ACS one-year estimates were not released, so 2020 is absent from the panel. However, 2021
may still reflect lingering pandemic effects. I address this by estimating specifications that
exclude 2021 and restrict to the pre-pandemic period (2015-2019 only).

Limited controls. The main specification relies solely on state and year fixed effects
without additional time-varying covariates. Median gross rent data are available but are not
included as a regression control because rent is a potential mediator of the minimum-wage-to-
household-formation channel rather than a confounder (see Section 4.3). State unemployment
rates from BLS LAUS are available and used as a balance test: a TWFE regression of
unemployment on the treatment indicator yields a coefficient of 0.042 (SE = 0.126, p = 0.744),
confirming that treatment assignment does not predict differential unemployment changes
(see Section 7.7). Unemployment is not included as a regression control because it is itself a
potential outcome of minimum wage policy. To the extent that minimum wage adoption is
correlated with labor market conditions beyond what state and year fixed effects absorb, the
estimated treatment effect may be biased. The direction of this bias is ambiguous: if states
with tighter labor markets adopt higher minimum wages, and tighter labor markets facilitate

household formation, the bias would be negative.

6. Results

6.1 Treatment Variation

Figure 1 displays the treatment rollout across states and time. The staggered adoption
pattern is clearly visible, with clusters of states adopting higher minimum wages in 2015
(Alaska, Delaware, Massachusetts, Minnesota, New York, Rhode Island, South Dakota), 2016
(Colorado, Hawaii, Maryland, Michigan, Nebraska, West Virginia), 2017 (Arizona, Arkansas,
Maine), 2018 (Florida, Montana, Ohio), and later years. The 20 never-treated states are
concentrated in the South and parts of the Midwest, including Alabama, Georgia, Idaho,
Indiana, Iowa, Kansas, Kentucky, Louisiana, Mississippi, New Hampshire, North Carolina,
North Dakota, Oklahoma, Pennsylvania, South Carolina, Tennessee, Texas, Utah, Wisconsin,

and Wyoming.
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Treatment Rollout: State MW Exceeds Federal + $1.00
Bars = newly treated states; dashed line = cumulative total
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Figure 1: Treatment Rollout: Minimum Wage Adoption Across States

Notes: Bars show the number of newly treated states in each cohort year (left axis). The
dashed line shows the cumulative number of treated states (right axis). Treatment is defined
as the first year a state’s effective minimum wage exceeds the federal floor by $1.00 or
more. The 20 never-treated states remained at or near $7.25 throughout the sample period
(2015-2019, 2021-2022).

Figure 2 shows raw trends in the parental co-residence rate for treated and never-treated
states. Both groups exhibit broadly similar trends over the sample period, with parental
co-residence rates fluctuating modestly. The treated and never-treated groups track each
other closely, providing visual support for the parallel trends assumption, although the two

groups start at slightly different levels (absorbed by state fixed effects).
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Figure 2: Raw Trends in Parental Co-Residence: Treated vs. Never-Treated States
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Notes: The figure shows the average share of 18-34 year-olds living with parents for states
that adopted minimum wages above the federal floor by $1.00+ (treated) and states that did
not (never-treated). Averages are unweighted.

6.2 Main Results

Table 2 presents the main estimates of the effect of state minimum wage increases on parental

co-residence among 18-34 year-olds.

Table 2: Effect of Minimum Wage Increases on Young Adult Parental Co-residence

(1) (2) (3)
TWFE CS-DiD Sun—-Abraham

Treatment effect  0.000 -0.540 -0.880
(0.381) (0.446) (0.622)
Observations 357 357 356
R? 0.978 — 0.980
State FE Yes — Yes
Year FE Yes — Yes
Control group — Never-treated —

Notes: Dependent variable: percent of 18-34 year-olds living
with parents. Column (1) reports two-way fixed effects estimates.
Column (2) reports the overall ATT from Callaway & Sant’Anna
(2021) using never-treated states as the control group. Column
(3) reports the interaction-weighted estimator of Sun & Abraham
(2021). Standard errors clustered at the state level in parentheses.
*p<0.10, ** p < 0.05, *** p < 0.01.

Column (1) reports the conventional TWFE estimate of 0.000 (SE = 0.381), which is
essentially zero and statistically insignificant. This estimate is difficult to interpret given the
well-known bias of TWFE with staggered adoption and heterogeneous treatment effects, but
the near-zero value suggests that even naively estimated, minimum wage increases have no
detectable effect on parental co-residence.

Column (2) reports the Callaway—Sant’Anna overall ATT of —0.540 (SE = 0.446) using
never-treated states as the control group. The negative sign suggests a decrease in parental co-
residence following minimum wage increases, but the effect is not statistically distinguishable
from zero at the 10% level. The 95% confidence interval of [—1.414,0.334] includes zero;
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even the lower bound implies a reduction of less than 1.5 percentage points on a base rate
of 30.76 percent (approximately 4.6% of the mean). In economic terms, the point estimate
represents a shift of roughly half a percentage point—modest relative to the base rate and
not statistically significant.

Column (3) reports the Sun—Abraham interaction-weighted estimate. The mean post-
treatment coefficient is —0.880 (SE = 0.622), also not statistically significant in aggregate.
The Sun—Abraham estimator shows some significant pre-treatment coefficients (years —6, —5,
—4, —2), suggesting that the interaction-weighted specification may not fully satisfy parallel
trends for all event-time horizons. However, the primary CS-DiD event study (Table 3) shows
no significant pre-treatment coefficients, supporting the parallel trends assumption for the
preferred estimator. For post-treatment periods, the Sun—Abraham coefficients are generally
insignificant, though year = 4 is marginally significant at the 10% level (—1.486, SE = 0.846);
this should be interpreted cautiously given the pre-trend issues in the SA specification. The
CS-DiD ATT using the not-yet-treated control group yields —0.496 (SE = 0.794; see Table 5),
confirming that the null finding does not depend on the choice of comparison group.

The consistency of the null result across estimators with different identifying assumptions,
control groups, and aggregation schemes strengthens the interpretation. The CS-DiD (with
both control groups), TWFE, and Sun—Abraham estimators all fail to reject the null hypothesis

of zero effect.

6.3 Event Study

Table 3 reports the dynamic (event study) estimates from the Callaway—Sant’Anna estimator,

and Figure 3 provides the corresponding visualization.
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Table 3: Event Study Estimates: Callaway—Sant’Anna Dynamic Effects

Event Time ATT SE 95% CI
Pre-treatment

e=—5 0.196 (0.231) [-0.258, 0.649]
e=—4 -1.369 (3.441) [-8.113, 5.374]
e=-3 0.463 (0.542) [-0.600, 1.526]
e=—2 -0.621 (0.430) [-1.464, 0.221]
e=—1 (ref.) — —
Post-treatment

e=+0 -0.649 (0.463) [-1.557, 0.259]
e=+1 -0.250 (0.624) [-1.472, 0.972]
e=+42 -0.761 (0.847) [-2.422, 0.900]
e=+3 -0.552  (0.741) [-2.003, 0.900]

Overall ATT ~ -0.540 (0.446) [-1.414, 0.334]

Notes: Event study estimates from Callaway &
Sant’Anna (2021). N = 357 state-year observations
(51 jurisdictions, 7 years). Event time e measures years
relative to treatment adoption. The reference period is
e = —1. Cohort composition varies by event time. Stan-
dard errors based on clustered bootstrap (state level, 51
clusters). * p < 0.10, ** p < 0.05, *** p < 0.01.
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Event Study: Effect of Minimum Wage Increases on Parental Co-residence
Callaway & Sant'Anna (2021) | Overall ATT = -0.540 (SE = 0.446)
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Figure 3: Event Study: Dynamic Effects of Minimum Wage Increases on Parental Co-Residence

Notes: Event study estimates from Callaway and Sant’Anna (2021). Event time e is years
relative to first treatment. The reference period is e = —1. Bars show 95% pointwise

confidence intervals. Standard errors based on clustered bootstrap.

The pre-treatment coefficients (event times e = —5 to e = —2) are small and statistically
insignificant: 0.196 (SE = 0.231), —1.369 (SE = 3.441), 0.463 (SE = 0.542), and —0.621
(SE = 0.430), respectively. None is significantly different from zero, and there is no evident
monotonic trend in the pre-treatment coefficients. The coefficients oscillate between positive
and negative values, consistent with sampling variation around zero rather than a systematic
pre-trend.

Post-treatment coefficients are negative but individually insignificant: —0.649 (SE = 0.463)
at e =0, —0.250 (SE = 0.624) at e = +1, —0.761 (SE = 0.847) at e = 42, and —0.552 (SE
= 0.741) at e = 4+3. None reaches statistical significance at the 5% level, and there is no
clear pattern of growing effects at longer horizons. The relatively large standard errors reflect

the limited number of states contributing to estimates at longer event times.
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The event study is estimated on the full panel of 357 state-year observations; the number of
treated state-years contributing to each event-time estimate varies due to staggered adoption
timing.

The event study pattern is broadly consistent with the null result: if minimum wage
increases had a meaningful effect on household formation, we would expect a clear break at
e = 0, with consistently significant post-treatment coefficients. Instead, the post-treatment
coefficients are small, noisy, and show no clear trend toward a growing effect.

For the 2021 treatment cohort (Nevada and Virginia), the reference period (e = —1)
corresponds to calendar year 2020, which is absent from the panel because the Census
Bureau did not release ACS one-year estimates for 2020. The Callaway—Sant’Anna estimator
handles this by using the available pre-treatment periods for each cohort; for the 2021 cohort,
2019 (e = —2) serves as the effective baseline. This does not affect the overall ATT or the

aggregated event study, as the estimator aggregates group-time ATTs across all cohorts.

6.4 Bacon Decomposition

Figure 4 displays the Goodman-Bacon (2021) decomposition of the TWFE estimate.
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Notes: Goodman-Bacon (2021) decomposition of the two-way fixed effects treatment effect

estimate. Each point represents a 2x2 DiD comparison, with the size proportional to its

weight in the overall estimate.

The decomposition shows that the TWFE estimate of 0.000 is driven primarily by

comparisons of treated states to never-treated states, which receive the largest weight.

Comparisons involving timing variation among treated states receive smaller weights and

exhibit more dispersion. The presence of both positive and negative estimates illustrates the

heterogeneity that motivates robust estimators.

6.5 Control Group Comparison

Figure 5 compares the CS-DiD event study estimates using the never-treated control group

versus the not-yet-treated control group.

24



Event Study: Comparison of Control Group Definitions
Callaway & Sant'Anna (2021) with different comparison groups
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Figure 5: Comparison of CS-DiD Event Studies: Never-Treated vs. Not-Yet-Treated Control
Groups

Notes: Event study estimates from Callaway and Sant’Anna (2021) using two alternative
control group definitions: never-treated states and not-yet-treated states. Points show the

estimated ATT at each event time, with 95% confidence intervals.

The figure illustrates that the event study patterns are similar regardless of whether
the comparison group consists of never-treated states or not-yet-treated states, providing

reassurance that the choice of control group does not drive the results.

6.6 TWFE and Sun—Abraham Details

Table 4 reports the full TWFE and Sun—Abraham regression output.

The Sun-Abraham event study coefficients reveal significant pre-treatment coefficients at
years —6 (—2.862, SE = 0.968, p < 0.01), —5 (—1.566, SE = 0.402, p < 0.01), —4 (—1.459,
SE = 0.602, p < 0.05), and —2 (—1.045, SE = 0.375, p < 0.01). Year —3 is insignificant

(—0.561, SE = 0.425). These significant pre-treatment coefficients are a diagnostic concern,
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Table 4: Two-Way Fixed Effects and Sun—Abraham Estimates

pct__with_ parents
TWFE  Sun-Abraham

(1) (2)

treated 0.0003
(0.3814)
year = -6 -2.862***
(0.9684)
year = -5 -1.566***
(0.4018)
year = -4 -1.459*
(0.6023)
year = -3 -0.5609
(0.4254)
year = -2 -1.045%*
(0.3746)
year = () -0.4353
(0.3445)
year = 1 -0.4231
(0.5706)
year = 2 -0.6859
(0.6950)
year = 3 -0.1488
(0.5649)
year = 4 -1.486*
(0.8462)
year = 5 -0.4974
(0.7781)
year = 6 0.6112
(0.5390)
Observations 357 356
R? 0.97771 0.97987
state fips fixed effects v v
year fixed effects v v
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suggesting that the interaction-weighted specification may not fully satisfy parallel trends for
all event-time horizons.

For post-treatment periods, most Sun—Abraham coefficients are individually insignificant:
year = 0 (—0.435, SE = 0.345), year = 1 (—0.423, SE = 0.571), year = 2 (—0.686, SE
= 0.695), year = 3 (—0.149, SE = 0.565), year = 5 (—0.497, SE = 0.778), and year = 6
(0.611, SE = 0.539). However, year = 4 is marginally significant at the 10% level (—1.486,
SE = 0.846). Given the pre-trend issues, this isolated significant post-treatment coefficient
should be interpreted cautiously.

This pattern differs from the Callaway—Sant’Anna pre-treatment tests due to different
weighting and comparison groups. The SA estimator uses all non-treated observations
(including already-treated states) as controls and applies different cohort weighting, which
can amplify pre-existing differences. The Callaway—Sant’Anna estimator, which uses only
never-treated states as comparisons, shows no significant pre-trends (see Table 3). T interpret
the CS-DiD pre-treatment tests as more appropriate for this application and treat the Sun—

Abraham results as supporting evidence with caveats rather than as a primary specification.

6.7 Alternative Outcomes

The CS-DiD ATT for the independent living rate is 0.522 (SE = 0.564), also insignificant. The
positive sign is directionally consistent with the negative co-residence estimate—if minimum
wages reduce parental co-residence, independent living should increase—but neither estimate

is statistically distinguishable from zero.

7. Robustness

7.1 Alternative Treatment Thresholds

Table 5 reports the main robustness results, including alternative treatment definitions.
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Table 5: Robustness of Minimum Wage Effects on Parental Co-residence

Specification ATT SE

Baseline (MW gap > $1.00, never-treated) -0.540 (0.446)
MW gap > $0.50 1750 (1.883)
MW gap > $1.50 L0.287  (0.754)
MW gap > $2.00 0.082  (0.475)
Not-yet-treated control group -0.496 (0.794)
Excluding 2021 -0.540  (0.439)
Pre-pandemic only (2015-2019) -0.053 (0.461)
Additional outcome: % other arrangements 0.019  (0.445)
Continuous MW gap (linear, TWFE) -0.111  (0.120)
Alternative DV: % independent 0.522  (0.564)

Notes: Each row reports the overall ATT from a separate CS-DiD es-
timation unless otherwise noted. The baseline uses the $1.00 threshold
(MW gap > $1.00) with never-treated states as controls, as reported
in Table 2. Alternative threshold rows redefine treatment cohorts
using the specified gap. The other-arrangements outcome uses the
share of 18-34 year-olds living with other relatives or other nonrela-
tives of the householder (B09021_013E + B09021_014E). Because
parental co-residence, independent living, and other arrangements
sum to 100%, this is not an independent test. The baseline sample is
357 state-year observations (51 jurisdictions x 7 years: 2015-2019,
2021-2022; 2020 not released). “Excluding 2021” drops the first post-
pandemic year (N = 306). “Pre-pandemic only” retains 2015-2019
(N = 255). Standard errors (in parentheses) are clustered at the state
level. * p < 0.10, ** p < 0.05, *** p < 0.01.

I re-estimate the CS-DiD model using treatment thresholds of $0.50, $1.50, and $2.00
above the federal floor (the baseline uses $1.00). The results are uniformly insignificant
across thresholds. The $0.50 threshold yields an ATT of —1.750 (SE = 1.883), the $1.50
threshold gives —0.287 (SE = 0.754), and the $2.00 threshold gives 0.082 (SE = 0.475).
None approaches statistical significance. The baseline $1.00 threshold ATT of —0.540 (SE
= 0.446) falls between these alternative estimates, as reported in Table 2. The pattern shows
larger negative point estimates at lower thresholds (where treatment captures smaller wage
increases) and an estimate near zero at the highest threshold, but all confidence intervals

comfortably include zero.
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The variation in standard errors across thresholds reflects the changing sample composition.
The $0.50 threshold classifies more states as treated and produces a larger point estimate but
also much larger standard errors. The $2.00 threshold classifies fewer states but provides a
larger “dose” of treatment; the near-zero estimate at this threshold suggests no effect even

among states with the most substantial increases.

7.2 Alternative Control Groups

The baseline specification uses never-treated states as the comparison group. As an alternative,
I use the not-yet-treated control group, which includes states that will eventually adopt
higher minimum wages but have not yet done so. This specification yields an ATT of —0.496
(SE = 0.794), similar in sign and magnitude to the main result but with substantially wider
confidence intervals reflecting the noisier comparison group. The consistency across control

groups is reassuring.

7.3 COVID-19 Exclusions

Since the 2020 ACS one-year estimates were not fielded, the baseline panel already excludes
the first pandemic year. As an additional check, I drop 2021—the first available pandemic
year—and find essentially identical results (ATT = —0.540, SE = 0.439). The point estimate
is unchanged and the standard error differs only trivially, confirming that lingering pandemic

effects in 2021 do not drive the main result.

7.4 Additional Outcome: Other Living Arrangements

As a supplementary analysis, I estimate the CS-DiD model with the share of 18-34 year-olds
in “other arrangements” (other relatives and other nonrelatives of the householder) as the
dependent variable. Because the three living-arrangement shares—parental co-residence,
independent living, and other arrangements—sum to 100% by construction, this outcome is
mechanically linked to the main dependent variable and does not constitute an independent
falsification test. Nonetheless, the near-zero estimate (ATT = 0.019, SE = 0.445) confirms
that the overall null finding on parental co-residence is not offset by large movements into or

out of other arrangement types.

7.5 Continuous Treatment Specification

I estimate a TWFE model with the continuous minimum wage gap as the treatment variable.
The coefficient is —0.111 (SE = 0.120), which does not reach statistical significance (t = —0.92,

p ~ 0.36). The point estimate implies that a $1 increase is associated with a 0.11 percentage
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point decrease in parental co-residence—economically negligible. The sample mean of parental

co-residence is 30.76%, so a 0.11 percentage point change represents less than a 0.4% shift.

7.6 Regional Heterogeneity
Table 6 and Figure 6 report heterogeneity by Census region.

Table 6: Heterogeneity in Treatment Effects by Census Region

Region ATT SE 95% CI Ever-Treated® Never-Treated
Overall -0.540 (0.446) [-1.414, 0.334] 31 (16) 20
Midwest  -0.644  (0.977) [-2.559, 1.271] 7 5
South -0.472*%% (0.228) [-0.920, -0.025] 7 10
West 0.655  (0.811) [-0.935, 2.245] 10 3

Notes: Each row reports the overall ATT from a separate CS-DiD estimation on the
regional subsample. Overall: N = 357 (51 states x 7 years); Midwest: N = 84 (12
states); South: N = 119 (17 states); West: N = 91 (13 states). Northeast omitted due to
insufficient never-treated states. “Ever-treated states in region (includes always-treated
states that do not contribute to CS-DiD ATT). In parentheses for overall row: 16
contributing treated states (cohorts 2016-2021). Standard errors clustered at the state
level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Heterogeneity in Treatment Effects by Census Region
CS-DiD ATT with 95% confidence intervals
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Figure 6: Heterogeneity in Treatment Effects by Census Region

Notes: ATT estimates and 95% confidence intervals from separate CS-DiD estimations by

Census region. The overall estimate uses the full national sample.

The South exhibits a significant negative effect (—0.472, SE = 0.228, p < 0.05), suggesting
that minimum wage increases in Southern states are associated with a modest decrease in
parental co-residence. The Midwest shows a larger but insignificant negative effect (—0.644,
SE = 0.977), while the West shows a positive but insignificant effect (0.655, SE = 0.811).
The Northeast subsample failed to produce estimates because of insufficient treated-state
variation. Although the Northeast includes two never-treated states (NH and PA), of the
seven treated states only Maine (cohort 2017) has pre-treatment years within the panel; the
remaining six (CT 2010, VT 2012, NJ 2014, MA 2015, NY 2015, RI 2015) are always-treated
in-panel and do not contribute to the CS-DiD ATT. With only one contributing treated state,
the estimator could not reliably identify group-time ATTs.

The significant Southern result is consistent with prediction (4): effects should be larger

in areas with lower housing costs, where the income gain goes further toward rent. However,
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the small number of treated states within the South (7) warrants caution. This finding is

suggestive and merits further investigation.

7.7 Additional Robustness Checks

I conduct several additional checks to further assess the stability of the null finding.
Pre-trend assessment. Individual pre-treatment event-study coefficients are uniformly
insignificant in the CS-DiD event study (see Section 6.3 and Table 3). None of the four
pre-treatment coefficients (e = —5 through e = —2) is statistically distinguishable from zero,
providing reassurance that treated and never-treated states were on parallel trajectories prior
to minimum wage adoption. A joint Wald test of the four pre-treatment coefficients fails
to reject the null of parallel trends (x?(4) = 7.76, p = 0.101), supporting the identification

assumption.

7.8 Sensitivity to Parallel Trends Violations

[ attempted to implement the Rambachan and Roth (2023) HonestDiD sensitivity analysis,
which provides robust confidence sets under deviations from parallel trends. The HonestDiD
algorithm did not converge for this specification, likely due to the structure of the group-time
ATTs and the short pre-treatment window. This is a limitation: I cannot formally bound
the extent to which violations of parallel trends could alter the conclusions. Informally, the

absence of pre-trends in the CS-DiD event study provides reassurance.

8. Discussion

The central finding of this paper is that state minimum wage increases, as observed over the
2015-2022 period (excluding 2020), do not produce detectable shifts in aggregate young adult
household formation at the state-year level. This null result warrants careful interpretation.

Why null? Three explanations. First, the income gains from minimum wage increases
may be too small relative to housing costs to facilitate household transitions. A $1 increase
in the minimum wage raises annual income by approximately $2,080 for a full-time worker,
but median annual rent for a one-bedroom apartment exceeds $12,000 in most markets.
The income gain represents less than 20% of annual rent, which may be insufficient to push
young adults over the threshold for independent living—particularly when security deposits,
furnishing costs, and other fixed costs of moving are considered.

Second, the outcome measure—the share of all 18-34 year-olds living with parents—dilutes

any effect among the directly affected population. Only a fraction of 18-34 year-olds earn at
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or near the minimum wage; many are college students, mid-career professionals, or otherwise
detached from the minimum wage labor market. BLS (2022) report that only about 2.3% of
all hourly workers earned the federal minimum or less in 2021. Even accounting for spillover
effects (Cengiz et al., 2019), the directly affected population is likely a small share of the
18-34 demographic. Future research using ACS PUMS microdata could isolate the effect
among low-wage workers specifically.

Third, the competing channels—income effects, disemployment, and housing cost offsets—
may approximately cancel. Recent evidence from Dube (2019) and Cengiz et al. (2019)
suggests that disemployment effects are small, which would favor the income channel. However,
Yamaguchi (2020) documents rent increases following minimum wage hikes. The combination
of small income gains and small rent increases could yield a near-zero net impact.

Comparison to the literature. The null result is broadly consistent with the finding
that moderate minimum wage increases have limited effects on broader economic outcomes
beyond the labor market (Dube, 2019; Manning, 2021). Aaronson et al. (2012) find significant
spending effects from minimum wage increases on durables, but these are concentrated among
minimum wage worker households and may not translate into household formation changes
for the broader population.

Limitations. First, the panel is relatively short (7 years of ACS data spanning 2015-2019
and 2021-2022, with 2020 unavailable), limiting power for detecting gradually emerging
effects. Post-treatment event study coefficients are negative but individually insignificant,
leaving open the possibility that effects may emerge at longer horizons. Second, early-treated
cohorts (2010-2014) are already treated when the panel begins, and the 2015 cohort (7 states)
has no pre-treatment year and is classified as “always-treated,” so the estimated effects come
from 2016-2021 cohorts (16 states). Third, the main specifications rely on state and year
fixed effects without additional time-varying controls; state unemployment rates from BLS
LAUS are used as a balance test (p = 0.744; see Section 7.7) but not as a regression control
because unemployment is itself a potential outcome of minimum wage policy, and median
gross rent is excluded as a potential mediator rather than a confounder (see Section 4.3).
Fourth, the aggregate state-level data do not allow for heterogeneity analysis by individual
characteristics such as education, race, or income level.

Policy implications. The null result should not be interpreted as evidence that minimum
wages “don’t matter” for young adults. Rather, it suggests that, at observed magnitudes,
minimum wage increases alone are not sufficient to produce detectable shifts in aggregate
household formation patterns. Policymakers seeking to promote independent living among
young adults may need to complement wage policies with direct housing assistance, expansion

of housing supply, student debt relief, or other targeted interventions.
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8.1 Statistical Power and Minimum Detectable Effects

Given our standard error of 0.446 percentage points for the overall ATT, the minimum
detectable effect (MDE) at 80% power (two-sided, o = 0.05) is approximately 0.446 x 2.8 ~
1.25 percentage points. This represents roughly 4.1% of the base rate of 30.76% parental
co-residence. Our analysis therefore has adequate power to detect effects larger than about
1.25 percentage points on the aggregate 18-34 population, but cannot rule out smaller effects
that might be economically meaningful for directly affected subgroups. With minimum wage
workers comprising a minority of all 18-34 year-olds, the relevant “first-stage” dilution implies
that a sizable individual-level effect could be diluted below our detection threshold at the
state-year aggregate level. Future work using individual-level microdata from ACS Public
Use Microdata Samples (PUMS) or the Current Population Survey could estimate effects for
directly exposed subgroups—mnon-college-educated, low-wage young adults—where statistical

power would be substantially greater.

8.2 Local Minimum Wages

Our treatment measure captures only state-level minimum wages and does not account for
local (city or county) minimum wages, which can exceed state rates in jurisdictions such as
Seattle, San Francisco, and New York City (Allegretto et al., 2017). This creates measurement
error in our treatment variable: some “never-treated” states may contain cities with local
minimum wages above the state floor, potentially attenuating treatment-control contrasts.

Future research using sub-state variation could address this limitation.

9. Conclusion

This paper investigates whether state minimum wage increases affect the household formation
decisions of young adults aged 18-34, using a staggered difference-in-differences design with
modern heterogeneity-robust estimators. Exploiting variation across 31 treated states and
20 never-treated states over 2015-2019 and 2021-2022 (the 2020 ACS was not fielded), and
drawing on Census ACS data on living arrangements, I find no statistically significant effect
of minimum wage increases on the share of young adults living with their parents.

The main Callaway—Sant’Anna ATT is —0.540 percentage points (SE = 0.446), approxi-
mately 1.8% of the mean parental co-residence rate of 30.76%. This null result is robust across
alternative treatment thresholds ($0.50 to $2.00 above the federal floor), estimators (TWFE,
Sun—Abraham event study), control groups (never-treated, not-yet-treated), exclusion of

pandemic-era observations, and alternative outcomes. The event study reveals no evidence of
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differential pre-trends, supporting the identification strategy.

The null result is informative for both the academic literature and policy discourse.
For the minimum wage literature, it suggests that the effects of moderate minimum wage
increases do not produce detectable shifts in aggregate household formation decisions at
observed magnitudes and at the aggregate state-year level. The most likely explanations are
population dilution, the modest magnitude of income gains relative to housing costs, and the
potential offsetting effect of minimum-wage-induced rent increases. Our null finding should
be interpreted in light of the power limitations discussed above; effects on directly exposed
subpopulations cannot be ruled out.

For policy, the finding implies that minimum wage increases alone are unlikely to reverse
the trend toward extended parental co-residence among young adults at the aggregate
level. The barriers to household formation—housing costs, student debt, and labor market
uncertainty—require a broader policy toolkit.

Future research should pursue several extensions. First, individual-level analysis using
ACS PUMS microdata would allow researchers to focus on low-wage workers specifically.
Second, longer panels that capture the effects of larger minimum wage increases (e.g., $15
minimums) could reveal effects not detectable in the current sample. Third, analysis of
local-level variation (metropolitan areas or commuting zones) could exploit finer geographic
variation and better match minimum wage exposure to local housing market conditions.
The question of whether labor market policy can facilitate the transition to independent

adulthood remains open, important, and worthy of continued empirical investigation.
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A. Data Appendix

A.1 Data Sources and Access

American Community Survey (ACS). Living arrangement data come from ACS Table
B09021, “Living Arrangements of Adults 18 Years and Over by Age,” accessed via the Census
Bureau API (https://api.census.gov/data). I use one-year estimates for 2015-2019 and
2021-2022 at the state level (the 2020 ACS one-year estimates were not released due to low
pandemic response rates). The one-year estimates are based on a sample of approximately
3.5 million housing units per year and are available for all geographic areas with populations
of 65,000 or more.
Table B09021 provides the following categories for the 18-34 age group:

« B09021_ 008E: Total, 18-34 years
« B09021 O009E: Lives alone
« B09021_ 010E: Householder living with spouse or spouse of householder

« B09021_ 011E: Householder living with unmarried partner or unmarried partner of

householder
« B09021_ 012E: Child of householder (parental co-residence)
« B09021 013E: Other relatives of householder
« B09021_014E: Other nonrelatives of householder

I construct the parental co-residence rate as:

B09021_012E
pct_with_ parents,, = B090217008E8t x 100
— st

The independent living rate sums those living with a spouse (B09021_010E), with an
unmarried partner (B09021_011E), and those living alone (B09021_009E), divided by the
total (B09021_008E). The remaining categories—child of householder (parental co-residence),
other relatives, and other nonrelatives—complete the partition.

Minimum wage data. State minimum wage rates are from the U.S. Department of
Labor Wage and Hour Division, “Changes in Basic Minimum Wages in Non-Farm Employment
Under State Law,” supplemented with the National Conference of State Legislatures database.

For each state-year, I record the predominant effective minimum wage rate for the calendar

40


https://api.census.gov/data

year. Where mid-year increases occurred, I use the rate that was in effect for the majority of
the year.

Median gross rent. State-level median gross rent comes from ACS Table B25064,
accessed via the Census Bureau API for 2015-2019 and 2021-2022.

State population. State population estimates come from the Census Bureau’s Population
Estimates Program (PEP), accessed via the API.

Unemployment rate. State annual average unemployment rates come from the Bureau
of Labor Statistics Local Area Unemployment Statistics (LAUS) program. These data cover
all 51 jurisdictions for the full sample period (2015-2022) and are used for a balance test to
assess whether treatment assignment is correlated with differential labor market conditions
(see Section 7.7).

A.2 Variable Construction

Treatment variable. For the binary treatment, I compute the gap between the state
effective minimum wage and the federal minimum ($7.25) in each year. The treatment cohort
G, is defined as the first year in which this gap exceeds $1.00. States for which the gap never
exceeds $1.00 during 2010-2022 are classified as never-treated (G5 = 00). For robustness, I
also construct treatment indicators using thresholds of $0.50, $1.50, and $2.00.

Continuous treatment. For the dose-response specification, the treatment intensity is
the gap itself: MWGap,, = max(0, MW, — 7.25).

Outcome variables. All outcome variables are expressed as percentages of the state’s

total 18-34 population.
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A.3 Treatment Cohort Definitions

Table 7: Treatment Cohorts: Year of First Minimum Wage Adoption Above Federal + $1.00

Cohort Year States

2010 CT, DC, IL, OR, WA

2012 VT

2014 CA, NJ

2015 AK, DE, MA, MN, NY, RI, SD
2016 CO, HI, MD, MI, NE, WV
2017 AZ, AR, ME

2018 FL, MT, OH

2019 MO

2020 NM

2021 NV, VA

Never-treated AL, GA, ID, IN, IA, KS, KY, LA, MS, NH,
NC, ND, OK, PA, SC, TN, TX, UT, WI, WY

Notes: Treatment defined as the first year the state’s effective minimum
wage exceeds the federal minimum ($7.25) by $1.00 or more. Early
cohorts (2010-2014) are already treated at the start of the panel (2015)
and are dropped by the CS-DiD estimator. The 2015 cohort (AK, DE,
MA, MN, NY, RI, SD) has no pre-treatment year within the panel
and is treated as “always-treated” by the CS-DiD estimator—these 7
states do not contribute to the ATT estimand. Sixteen states (cohorts
2016-2021) contribute to the CS-DiD ATT; 20 never-treated states

serve as controls.

A.4 Sample Construction Details

The analysis sample is a balanced panel of 51 jurisdictions x 7 years (2015-2019, 2021-2022;
the 2020 ACS one-year estimates were not released), N = 357. For the CS-DiD estimator,
the 8 states in early cohorts (2010-2014) do not contribute to ATT estimation because no
pre-treatment observations exist within the panel. The 7 states in the 2015 cohort (AK,
DE, MA, MN, NY, RI, SD) have no pre-treatment year within the panel and are internally
classified as “always-treated” by the CS-DiD estimator—they do not contribute to the ATT.
The effective treated sample contributing to the CS-DiD estimand is 16 states first treated in
2016 or later.
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B. Identification Appendix

B.1 Pre-Treatment Trends Assessment

The pre-treatment coefficients from the CS-DiD event study are:

e e=—5: 0.196 (SE = 0.231), p > 0.10
e e=—4: —1.369 (SE = 3.441), p > 0.10
e e=—3: 0463 (SE = 0.542), p > 0.10

e« e=—2: —0.621 (SE = 0.430), p > 0.10

None is statistically significant. The coefficients alternate between positive and negative
values, consistent with sampling variation around zero. The individual coefficient tests provide

strong support for the parallel trends assumption.

B.2 Sensitivity to Parallel Trends Violations

The Rambachan and Roth (2023) HonestDiD analysis did not converge for this specification,
likely due to the group-time ATT structure and short pre-treatment window. This is
a limitation. The absence of pre-trends in the CS-DiD event study provides informal

reassurance.

B.3 Comparison of Pre-Treatment Tests Across Estimators

The Sun—Abraham estimator shows significant pre-treatment coefficients at years —6 (—2.862,
SE =0.968, p < 0.01), =5 (—1.566, SE = 0.402, p < 0.01), —4 (—1.459, SE = 0.602, p < 0.05),
and —2 (—1.045, SE = 0.375, p < 0.01); year —3 (—0.561, SE = 0.425) is not significant.
These pre-treatment violations are a genuine diagnostic concern for the SA specification. For
post-treatment periods, most coefficients are insignificant, though year = 4 is marginally
significant at 10% (—1.486, SE = 0.846). This discrepancy with CS-DiD arises from: (1)
the Sun—Abraham estimator uses all non-treated observations (including already-treated
states) as controls; (2) different cohort weighting; (3) more extended event time bins. The
CS-DiD pre-treatment tests are more appropriate because they use only never-treated states
as comparisons. The Sun—Abraham results should therefore be interpreted as supporting

evidence with caveats, not as a primary specification.
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C. Robustness Appendix

C.1 Dose-Response Analysis

The linear TWFE dose-response specification yields § = —0.111 (SE = 0.120), implying
each additional dollar of minimum wage above $7.25 is associated with a 0.11 pp decrease
in parental co-residence—mnot statistically significant. A quadratic specification adds no

explanatory power; the quadratic term is small and insignificant.

C.2 Multiple Testing Adjustments

The event study tests 8 non-reference coefficients. Without correction, the probability of at
least one false positive at a = 0.05 is approximately 34%. With the corrected 18-34 age-
group data, no individual event-study coefficient reaches significance even before Bonferroni

correction, further supporting the null interpretation.

C.3 Estimation Sensitivity

The baseline uses 999 bootstrap replications. Increasing to 1,999 produces virtually identical

confidence intervals, confirming convergence.

D. Heterogeneity Appendix

D.1 Regional Heterogeneity Details

The Southern subsample contains 7 treated states (AR, DE, DC, FL, MD, VA, WV) and 10
never-treated states (AL, GA, KY, LA, MS, NC, OK, SC, TN, TX). The significant effect
(—0.472, SE = 0.228) may reflect:

1. Lower housing costs: Southern states have median rents approximately $900/month,
below the national average. The income gain from minimum wage increases is more

meaningful relative to housing costs.

2. Higher minimum wage bite: In states with lower average wages, a larger share of

the workforce is affected.

3. Larger comparison group: The South has 10 never-treated states, providing more

statistical power.

4. Idiosyncratic variation: With only 7 treated states, the estimate could reflect

state-specific factors.
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I do not report Northeast heterogeneity because of insufficient treated-state variation
within the region. The Northeast includes two never-treated states (NH and PA), but of the
seven treated states, only Maine (cohort 2017) has pre-treatment years within the panel. The
remaining six (CT 2010, VT 2012, NJ 2014, MA 2015, NY 2015, RI 2015) are always-treated
in-panel and do not contribute to the CS-DiD ATT. With only one contributing treated state,
the estimator could not reliably identify group-time ATTs.

D.2 Cohort-Specific Heterogeneity

The Callaway—Sant’Anna group-time ATTs show mixed effects across cohorts. The 2015
cohort (7 states: AK, DE; MA, MN, NY, RI, SD) has no pre-treatment year in the panel
and is classified as “always-treated” by the CS-DiD estimator; it does not contribute to the
ATT estimand. The 2016 cohort (6 states) shows slightly negative effects. Later cohorts
(2017-2021) have fewer post-treatment periods and noisier estimates. No contributing cohort

shows consistently significant effects, supporting the overall null result.

E. Additional Figures and Tables

E.1 Minimum Wage Distribution Over Time

Table 8: Distribution of State Effective Minimum Wages, 2015-2022 (MW data available for all
years including 2020)

Year Mean Median SD Min Max N > $7.25

2015 7.94 765 0.79 7.25 10.50 30
2016  8.15 8.00 1.04 7.25 11.50 30
2017 8.41 8.15 1.31 7.25 12.50 30
2018  8.60 8.25 1.52 725 13.25 30
2019 8.84 8.50 1.76 7.25 14.00 30
2020 9.22 875 211 7.25 15.00 30
2021  9.58 925 233 7.25 15.20 31
2022 9.95 9.87 266 7.25 16.10 31

Notes: Summary statistics for state effective minimum wages
across 51 jurisdictions. N > $7.25 counts states with rates
strictly above the federal floor. Values reflect the predominant

rate for each calendar year.
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E.2 Summary of All Estimation Results

Table 9: Comprehensive Summary of All Treatment Effect Estimates

Panel Specification ATT SE Sig.
A: Main

CS-DiD (never-treated) —0.540 (0.446) —

CS-DiD (not-yet-treated) —0.496 (0.794) —

TWFE 0.000 (0.381) —
B: Thresholds

MW gap > $0.50 1750 (1.883)

MW gap > $1.50 —0.287 (0.754) —

MW gap > $2.00 0.082  (0.475) —
C': Specifications

Not-yet-treated —0.496 (0.794) —

Excluding 2021 (N = 306)  —0.540 (0.439)

Pre-pandemic only (N = 255) —0.053 (0.461) —

Continuous gap (TWFE) —0.111 (0.120) —
D: Outcomes

% Independent 0.522  (0.564) —

% Other arrangements 0.019 (0.445) —
E: Regions

South —0.472 (0.228) **

West 0.655 (0.811) —

Midwest —0.644 (0.977)

Notes: DV: % living with parents (Panels A-C, E) or as noted (Panel D). Standard
errors clustered at the state level. Sun—Abraham event-study coefficients are

reported separately in Appendix Table 4. * p < 0.10, ** p < 0.05, *** p < 0.01.

E.3 State Minimum Wages and Treatment Status
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Table 10: State Minimum Wages and Treatment Status, 2022

State MW ($) Gap ($) Treated Cohort
Alabama 7.25 0.00 No 00
Alaska 10.34 3.09 Yes 2015
Arizona 12.80 5.55 Yes 2017
Arkansas 11.00 3.75 Yes 2017
California 15.00 7.75 Yes 2014
Colorado 12.56 5.31 Yes 2016
Connecticut 15.00 7.75 Yes 2010
Delaware 10.50 3.25 Yes 2015
District of Columbia  16.10 8.85 Yes 2010
Florida 10.00 2.75 Yes 2018
Georgia 7.25 0.00 No 00
Hawaii 10.10 2.85 Yes 2016
Idaho 7.25 0.00 No 00
[llinois 12.00 4.75 Yes 2010
Indiana 7.25 0.00 No 00
Towa 7.25 0.00 No 00
Kansas 7.25 0.00 No 00
Kentucky 7.25 0.00 No 00
Louisiana 7.25 0.00 No 00
Maine 12.75 5.50 Yes 2017
Maryland 12.50 5.25 Yes 2016
Massachusetts 14.25 7.00 Yes 2015
Michigan 9.87 2.62 Yes 2016
Minnesota 10.33 3.08 Yes 2015
Mississippi 7.25 0.00 No 00
Missouri 11.15 3.90 Yes 2019
Montana 9.95 2.70 Yes 2018
Nebraska 9.00 1.75 Yes 2016
Nevada 10.50 3.25 Yes 2021
New Hampshire 7.25 0.00 No 00
New Jersey 13.00 5.75 Yes 2014
New Mexico 11.50 4.25 Yes 2020
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Table 10 continued

State MW ($) Gap ($) Treated Cohort
New York 13.20 5.95 Yes 2015
North Carolina 7.25 0.00 No 00
North Dakota 7.25 0.00 No 00
Ohio 9.30 2.05 Yes 2018
Oklahoma 7.25 0.00 No 00
Oregon 13.50 6.25 Yes 2010
Pennsylvania 7.25 0.00 No 00
Rhode Island 12.25 5.00 Yes 2015
South Carolina 7.25 0.00 No 00
South Dakota 9.95 2.70 Yes 2015
Tennessee 7.25 0.00 No 00
Texas 7.25 0.00 No 00
Utah 7.25 0.00 No 00
Vermont 12.55 5.30 Yes 2012
Virginia 11.00 3.75 Yes 2021
Washington 14.49 7.24 Yes 2010
West Virginia 8.75 1.50 Yes 2016
Wisconsin 7.25 0.00 No 00
Wyoming 7.25 0.00 No 00
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