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Abstract

Over the last three decades, wage inequality and the importance of
the minimum wage presented a nearly symmetric behavior in
Portugal. Applying a semiparametric approach, this paper presents
significant visual and quantitative evidence of how the MW
structurally reshaped the wage distribution. The remarkable rise in
the real MW of 2006-2019 explained virtually all of the decline in
wage inequality, and 40% of the average wage growth, mostly
driven by spillovers, which cascaded way above the minimum.
The MW was most important for women, although spillovers were
greater for men. Exploring the total-base wage differential also
uncovered important new insights.
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1 Introduction

Mounting wage inequality starting around the 1980s was a phenomenon experienced by most
advanced economies (Piketty 2014; Hoffmann et al. 2020). It was primarily driven by labor
supply and demand dynamics, like skill-biased technological change (Card and DiNardo 2002),
globalization (Feenstra and Hanson 1996), and the general polarization of the labor market (Au-
tor et al. 2008), but the decay of labor market institutions in several countries, like the minimum
wage and unionization, has also been implicated (DiNardo et al. 1996; Koeniger et al. 2007).
Over a period where inequality in the upper half of the wage distribution follows a clear,
positive trend across developed economies, the behavior of inequality in the lower half of the
distribution was much more diverse. Over the same period, the minimum wage, a policy that
specifically targets the lower end of the distribution, also exhibited large cross-country hetero-
geneity, frequently in negative correlation with lower tail wage inequality.! That is good reason
to give it particular attention in research of inequality and the shaping of the wage distribution.
In Portugal, wage inequality was high and rising between the 1980s and the mid-2000s, and
that increase was mostly due to a widening of the wage distribution at the top (Cardoso 1998;
Alvaredo 2009; Centeno and Novo 2014). After that, inequality actually decreased through a
compression of the lower half of the wage distribution. In fact, the behavior of wage inequality in
Portugal since the mid-1980s can be well divided into three very distinct periods: between 1986
and 1994 inequality increased sharply, especially in the middle and upper-tail of the distribution;
between 1994 and the mid-2000s changes in wage inequality were positive but small; and since
the mid-2000s it decreased significantly, with an emphasis on the lower-half of the distribution.

This is clearly illustrated in figure 1, and quantified in table A.1 of the appendix.

1. For instance, the real value of the federal minimum wage declined continuously in the United States, during
the 1980s, and wage inequality rose dramatically (DiNardo et al. 1996; Lee 1999), while the UK (Stewart 2012) and
Germany (Bossler and Schank 2020) both saw wage inequality declining at the bottom of the distribution following
the introduction of national minimum wages in 1999 and 2015, respectively.
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Figure 1: Measures of wage inequality. Panel A depicts wage inequality measures for the entire distribu-
tion. Panel B depicts measures of inequality at different parts of the distribution. Both standard deviation
and the wage percentile differentials use the logarithm of total monthly wages. The two dashed vertical
lines, in 1994 and 2006, divide the three periods of analysis.

The relatively short economic literature aiming to explain the changes in the Portuguese
wage distribution over the last decades has naturally focused on the labor market dynamics side
of the equation, which does explain a substantial part of those changes. Skill-biased techno-
logical changes and the overall modernization of the labor market had a major impact in the
widening of the wage distribution since the 1980s (Cardoso 1997, 1998; Centeno and Novo
2014), especially in what regards the remarkable increase in the education levels of Portuguese
workers (Machado and Mata 2005; Pereira 2021), a growing disparity in the returns to educa-
tion across the wage distribution (Cardoso 1998; Martins and Pereira 2004; Machado and Mata
2005), and also the rising number of women in the workforce (Cardoso 1999; Pereira 2021).

Still, after 1994 the widening of the wage distribution moderated and literature is yet to fully
explain that phenomenon, aside from a possible excess of supply of intermediate-skill workers
relative to unskilled ones due to the increased education levels, that narrowed the lower tail of
the distribution (Centeno and Novo 2014), and a fading association between high-paying firms
and high-wage workers (Portugal et al. 2018). Furthermore, wage inequality plummeted since

the mid-2000s, especially for lower-wage workers - over a period where the nominal minimum



wage almost doubled and the share of workers on a base wage equal or lower than the minimum
went from 8% up to 23% - and that remarkable phenomenon is yet to be studied.

With that in mind, this paper contributes to the literature by investigating a side of the story
acknowledged in no more than a handful of articles: the role of the minimum wage. Applying
a semiparametric approach that bridges the distribution regression (Chernozhukov et al. 2013)
and the rank regression framework (Fortin and Lemieux 1998), explored in Fortin et al. (2021),
and exploiting the very rich administrative data of the individual records of Quadros de Pessoal,
this paper presents estimates of the Portuguese wage density over three different time periods
- 1986-1994, 1994-2006 and 2006-2019 - as well as a series of counterfactual scenarios that
allow us to decompose changes in the distribution into the underlying change and the change
attributed to the variation in the minimum. The effect of the minimum wage can then itself be
decomposed into minimum wage “bite” effects and spillover effects. More, these results are not
only presented in a visually clear way, but they are also quantified in several statistics of interest.

The results unambiguously show that the minimum wage was a crucial factor in the shaping
of the Portuguese wage distribution when its relative importance increased. That is to say, while
in the first period of analysis the minimum wage barely changed and its impact on the distribution
was negligible, in the last period, a hike of 30% in its real value over 13 years was enough to
structurally reshape the wage distribution, which would be much wider today had the minimum
not increased. For instance, the 90-10 percentile differential decreased by 22 log points between
2006 and 2019, and all of that declined can be attributed to the increase in the minimum wage,
while the 50-10 differential would have actually increased by 9 points instead of decreasing
by 13, had the minimum wage not been raised. Between 2006 and 2019 the average wage of
Portuguese workers increased by 16 log points and the rise in the minimum was responsible

for almost 40% of that increase. For workers at the lowest percentiles of the distribution, which



were the ones who saw their wages increase the most out of everyone in the workforce in reality,
wages were stagnant in the counterfactual. The results also suggest that, in many cases, the
effect of spillovers can be even higher than the minimum wage “bite”, and that the increase in
the minimum wage was most important in reducing female wage inequality. Finally, this paper
uncovers a large discrepancy between the behavior of base and total wages over time, which
reacted very differently to rises in the minimum wage - while the minimum wage pushes up the
base wage when it binds, the spillover effects were almost entirely reflected in the total wage.
The remaining of this paper is organized as follows: section 2 presents a review of the litera-
ture and relevant information on the minimum wage and wage inequality, section 3 presents the
methodology and details on data and estimation, section 4 presents the results of the paper along

with an analysis of those results, and section 5 concludes the paper with some final remarks.

2 The minimum wage and the wage distribution

The minimum wage allows for a set of margins through which labor markets can adjust, like
employment, hours worked, wages and prices, but its impact across the wage distribution stands
out in the sense of how structural it can be, depending on its value and the latent distribution.
When analyzing the distributional effects of an increase in the real value of the minimum
wage on wages — or the introduction of a minimum wage, for that matter — we must consider
three main ideas. First, the minimum wage can destroy jobs, leading to reduced incomes for
those who would have been able to find a job in the absence of it. Second, and most notably,
it allows some people at the bottom of the wage distribution to receive a higher wage. Third,
the rise in wages can spillover to workers higher up in the pay-scale who would not apparently
benefit from the raise. There are many other mechanisms through which a minimum wage can

affect wages, but their effects are either still unsettled in the literature or just not structural, by



affecting only specific segments of the workforce and not the wage distribution per se.”

The first concept regards disemployment effects, which ought to raise income inequality
since the minimum wage can be discarding the left tail of the wage distribution and cutting the
incomes of all those workers that cannot find a job with the higher minimum (Stigler 1946;
Mincer 1976; Neumark et al. 2004). The impact on wage inequality, however, will be the exact
opposite, as the workers that are “discarded from the distribution” are those at its very end,
ironically flattening the distribution (Machin et al. 2003; Teulings 2003). Still, the empirical
literature on these disemployment effects is extensive, and has indicated that job losses attributed
to the minimum wage are oftentimes negligible (Brown et al. 1982; Card 1992; Katz and Krueger
1992; Machin and Manning 1994; Card and Krueger 1994, 1995; Dube et al. 2010).>

While distributional outcomes of disemployment effects can almost be seen as unintended
consequences, the two other mechanisms through which the minimum wage can shape the wage
structure are distributional by nature. The minimum wage “bite” (Meyer and Wise 1983a, 1983b;
Machin et al. 2003) is the most fundamental, and the most obvious: setting a minimum wage —
or raising it — will increase the wages of those workers initially making less than the minimum
to exactly the level of the minimum, pushing those workers’ wages at the left-most part of the
distribution to the right, closer to the median, and compressing the wage distribution as a whole.
This bite is in many ways the primary motivation for a minimum wage (Freeman 1996), and it is
regarded as the main mechanism though which the minimum wage can affect wage dispersion.

Then there are the less evident spillover effects. Gramlich (1976) first suggested that pay
raises could be spilling over to workers earning above the new minimum (Brown 1999), but

spillovers have been widely recognized in the literature since then (Grossman 1983; Katz and

2. For instance, Freeman (1996) suggests that increasing the lower wages in a firm increases production costs,
likely reducing either firms’ shareholder income or higher-wage workers’ wages. Firms may also have to increase
prices, making those workers’ wages, if not nominally, at least in real terms decreasing with the minimum wage.

3. In fact, a suitably chosen minimum wage may even raise wages and employment simultaneously in a labor
market with monopsony power (Rebitzer and Taylor 1995; Manning 2003; Portugal and Cardoso 2006).



Krueger 1992; Lee 1999; Cengiz et al. 2019; Fortin et al. 2021). The idea that a minimum
wage can raise wages above that minimum came first from the notion of substitution effects,
as the higher relative price of low-skilled workers would lead employers to substitute towards
higher-skilled labor (Gramlich 1976), although it shifted with time to more of a relative wage
concern, as firms mitigate the deterioration in workers’ wages relative to the lower-skilled ones
(Grossman 1983).* Spillover effects are also the hardest to detect, but we at least know that their
impact varies greatly, and that it is much higher for wages closer to the minimum.

Minimum wage research gained a lot of traction during the credibility revolution in labor
economics (Angrist and Pischke 2010; Belman and Wolfson 2014), resulting in a wealth of em-
pirical literature estimating the distributional effects of the minimum wage. The most influential
papers study the United States over the last two/three decades of the 20th century, exploiting
“the longest sustained decline in the real value of the federal minimum wage” in the US along
with a “dramatic rise in earnings and wage inequality” (Lee 1999). The large majority come to
similar conclusions: the falling real minimum wage accounted for much of the rise in disper-
sion in the lower tail of the wage distribution, without a significant effect on the upper tail of the
distribution, particularly for women (Katz and Krueger 1992; Card and Krueger 1994; DiNardo
et al. 1996; Lee 1999). The higher wages of workers that would earn below the minimum are
in all cases the most important driver of this compressing effect on the distribution, although
spillovers often have an additional attenuating impact on inequality when they are considered
(Lee 1999; Teulings 2003), while disemployment effects are rarely accounted for in distribu-
tional analyses, as their effect is assumed to be relatively unimportant (DiNardo et al. 1996).

Modern studies, with updated methodologies, keep confirming the inequality-reducing ef-

fects of the minimum wage (Card and Krueger 2015; Autor et al. 2016; Brochu et al. 2018;

4. Spillovers can also arise in the presence of monopsony power, as unproductive firms close down when the
minimum wage rises and their employees move to more productive, better-paying firms (Dickens et al. 2012).



Cengiz et al. 2019; Fortin et al. 2021), although some stress that spillovers seem to have lost

importance over time, and studies outside the US have reached analogous conclusions.’

2.1 The Portuguese minimum wage

In Portugal, unlike many countries, the minimum wage rate is legislated at the national level.
That monthly rate has been set by the government each January 1% almost every year since it
was first legislated in 1974, and it covers nearly all workers in the country.® The few exceptions
- like the youth and the agricultural minimum wages - tended to disappear over time.

The real value of the minimum wage grew steadily, but at a slow pace between the 1980s
and the mid-2000s — only 10% in 20 years, between 1986 and 2006. After that, it grew at a much
faster pace — 30% between 2006 and 2019 — with a slight slump between 2011 and 2014, when
its nominal rate was frozen by the government in response to the financial crisis. The minimum
wage relative to the average wage saw a severe drop between 1986 and 1994, decreased even
more until 2006, although at a much lower pace, but started to increase dramatically since then.
The share of workers earning the minimum wage or less decreased consistently but slowly until
the mid-2000s but also increased rapidly since then, if we look at the base wage - strikingly, this
sudden rise is not reflected in the aggregate of total wages. To some extent, the importance of
the minimum wage over time in the Portuguese labor market can be summarized in the same
three periods that characterize wage inequality: it was decreasing until 1994, somewhat stable
until 2006, and increased significantly since then. This is illustrated in figure 2.

So, if we contrast this behavior with the behavior of wage inequality over the years, espe-

cially in the lower tail, there is a noticeable symmetry that presents clear potential for research

5. See Machin (1997) and Machin et al. (2003) for the UK, Bossler and Schank (2020) for Germany, Aeberhardt
et al. (2016) for France, and Koeniger et al. (2007) and Joe and Moon (2020) for OECD cross-country analyses.

6. Although sector-specific wage floors, through extended collective bargaining agreements, are very
widespread in the Portuguese context (Cardoso and Portugal 2005; Addison et al. 2017; Martins 2021).
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Figure 2: Importance of the minimum wage. Panel A depicts the logarithms of the real value of the
minimum wage and the minimum wage relative to the average wage. Panel B depicts the share of work-
ers with wages equal or lower than the minimum, using base and total wages (in 2002 and 2014 wage
rounding near the minimum created noisy behavior in the graph, so those years were omitted). The two
dashed vertical lines, in 1994 and 2006, divide the three periods of analysis.

of minimum wage’s distributional effects. However, the amount of research assessing the role
of the minimum wage on wage inequality in Portugal is very limited, mostly concluding that it
has had some narrowing effect on the wage distribution (Centeno and Novo 2014; Campos Lima
et al. 2021) - only Pereira and Galego (2019) find no significant contribution of the minimum
wage in attenuating wage inequality. There is also little literature on the disemployment effect in

Portugal, with unsettled, but generally slim results (Pereira 2003; Portugal and Cardoso 2006).

3 Methodology and data

To assess the effects of the minimum wage on wage inequality, the whole wage distribution is
modelled by employing a framework that bridges distribution regressions and rank regressions
introduced by Fortin et al. (2021).” This methodology allows for the detailed estimation of
the distributional effects of the minimum wage and its spillovers assuming no disemployment

effects, which is a relatively reasonable assumption in this context, according to recent literature.

7. Fortin et al. (2021) examine the role of minimum wages spillover effects and unionization threat effects in
changes in the US wage distribution between 1979 and 2017, finding that spillovers magnify the explanatory power
of decreasing minimum wages to two-thirds of the increase in inequality at the bottom of the female distribution.

9



3.1 Bridging distribution regressions and rank regressions

The distribution regression framework (Chernozhukov et al. 2013) can be used to estimate the
probability of an outcome variable being below or above a given cutoff point in a distribution.
For instance, we can estimate the probability of the outcome variable Y being above the cutoff
yx as a flexible function of covariates X using a probit model as Prob(Y > yi) = &(X 5).
Then we can model the whole distribution by dividing it in KX — 1 bins, delimited by the
cutoff points y, and y, 1 - which may be chosen as percentiles of the unconditional distribution

or using a fine grid - and computing the probability of the outcome variable lying in each bin:

Prob(yr <Y < yry1) = Prob(Y > yi) — Prob(Y > yp11)
(1
= O(X k) — P(XPri1) for k=1,2,--- K.

From these regressions, we can construct the conditional distribution from which all kinds
of counterfactuals can be estimated, by changing the distributions of covariates or the regression
coefficients themselves, allowing for the decomposition of changes in the wage distribution.

The general distribution regression framework as presented in Chernozhukov et al. (2013)
is highly flexible, with no restrictions on how [ coefficients vary across cutoffs, and that flex-
ibility may be counterproductive when constructing the distribution, as we may get negative
counterfactual probabilities and face identification problems in allowing for different 3, at dif-
ferent points for all covariates, without restrictions.® For that reason Fortin et al. (2021) propose
a less flexible framework, closer to the rank regressions of Fortin and Lemieux (1998), where
the effects of explanatory variables can be fixed or evolve smoothly across the distribution.

In Fortin and Lemieux (1998)’s rank regression framework the coefficients are fixed across

the distribution. We can view it as a latent variable model where the latent variable index is given

by Y* = X[+ ¢, withe ~ N(0, 1), and the observed variable is the monotonic transformation

8. For instance, the final model will include a set of year dummies to capture macroeconomic conditions, which
could absorb the whole effect of the minimum wage if we allowed for full flexibility of the 3}, coefficients.

10



Y = g(X[S + ¢), with each observation’s latent and observed variable rank being the same.
Then we can divide the observed variable range by the cutoffs y;, and compute the probability
of it being above a given cutoff as Prob(Y > y;) = ®(X S — ¢;), where ¢, = ¢! (y) are the
corresponding cutoffs in the latent distribution. This way, we can model the distribution through

an ordered probit where each category is a bin delimited by y;, and y;.; with probability:
Prob(yr <Y < ypy1) = ®(XS — ) — O(XP — cy1) for k=1,2,--- K. (2)

Here [ coefficients are fixed across the distribution, as opposed to the (5 coefficients in
equation 1. But the flexibility can also be advantageous. That is why we will employ a frame-
work that bridges both methods, by introducing heteroscedasticity. Incorporating the interaction
between X and y; in the model allows for the effect of explanatory variables to evolve linearly

across the wage distribution, such that Prob(Y > y;) = ®(X S + yx X7 — k), and therefore:

PI'Ob(yk <Y< yk+1) = @(XB + ka’}/ - Ck) - (I)(XB + yk+1X7 - Ck+1) (3)

3.2 Minimum wage effects

From this kind of framework, minimum wage effects can be estimated straightforwardly, by
simply adding a set of dummy variables that indicate the distance to the minimum. We know
that the effect of a minimum wage on the cumulative wage distribution would be the generation
of a spike over that point. For instance, if in the latent wage distribution without the minimum
wage we had Prob(Y > y,) = ®(X 5 —ci) (using the rank regression model for simplification),
if yy, 1s the cutoff point just above the minimum wage (yx—1 > MW < y;), the probability of
Y being above that cutoff point in the observed distribution can be characterized as Prob(Y >
yr) = ©(X B — ¢ + o), where 4 is a parameter that captures the effect of the minimum wage.

In fact, Prob(Y > y) = ®(X S — ¢ + dp) for all y, above the minimum wage.

11



Furthermore, in the presence of spillover effects, they can also be accounted for with a similar
strategy. For example, if the effect of the minimum wage spills over to only one wage bin above
the minimum wage, we have Prob(Y > yx) = ®(X 5 — ¢ + 09 + 61) forall yp_y > MW.

With this in mind, we can estimate the effect of the minimum wage, above and below, by
adding a set of dummy variables D}} = 1[yx_,, < MW,] indicating the distance to that year’s

minimum wage, such that Prob(Y > y,) = ®(X3+ >, D}t 6,, — i), or in our framework:

Prob(Y > y) = @ (Xﬁ + ype Xy + Z Dy 6 — ck) 4

3.3 Empirical model and estimation

To model the entire wage distribution, the log wage range is divided into 60 wage bins between
4.5 and 7.5 (a range that comprises more than 99% of all observations), where each bin has a
length of 5 log points, plus the first and the last bin, for a total of 62 bins (see the corresponding
histograms in figure A.1 of the appendix). Then we estimate one stacked probit model, by
stacking 62 copies of the original dataset, and adding the outcome variable, equal to 1 if y;; > vy
and zero otherwise, for £ = 1,--- ,61 (this stacking is illustrated in table A.2). This way we

can allow the coefficients to evolve linearly throughout the distribution. The full model is:

Prob(Y;; > yi,) = @ <Xit5 + Y Xay + Z Dy 0 — Ck:) for k=1,2,---,61. (5)

m=b

The covariates X;; include the set of individual characteristics - gender, age and squared age,
tenure and squared tenure and years of education - as well as 18 age-education interaction dum-
mies in order to capture supply and demand dynamics (Bound and Johnson 1992), year and

region fixed effects. Some specifications also include a “heaping variable”.” Then we have the

9. Autor et al. (2016), in their critique of some minimum wage empirical research methods, suggest that the
heaping of hourly wages at integer values in the US could be creating spurious spillovers when the minimum wage
is slightly below an integer. Fortin et al. (2021) correct for that by including this type of variable which aims to
capture the effect of heaping. Here an analogous strategy is used to capture heaping at multiples of S0€.

12



interaction term y; X;;, although not all covariates are interacted with the cutoff points for com-
putational convenience - only age-education interactions and year dummies are included here,
capturing both supply and demand and education changes at different points of the distribution
- which are the two main explanatory factors of changes in wage inequality according to the
literature - as well as macroeconomic conditions. Minimum wage effects are captured in the 9,,
coefficients, through the dummies D}}, where m € {b,a} and (b < 0 < a). d, measures the
jump in probability at the minimum, 9,,~o measure the spillovers and d,,,.o measure any decrease
in probability below the minimum. The number of bins above and below the minimum wage
at which the effect is measured is different for different specifications, as these effects are not
always the same. We will go further into this in section 4, but these dummies were allowed for

up to 3 bins below and 8 bins above the minimum wage bin. Finally, ¢, are wage bin dummies.

3.4 Details on data

The analysis in this paper makes use of the incredibly rich longitudinal matched employer-
employee dataset of Quadros de Pessoal (QP), an annual mandatory survey of all establishments
in Portugal with at least one wage earner, collected by the Portuguese Ministry of Employment.
Among a remarkably extensive list of variables on both firms and workers, the QP dataset pro-
vides demographic information such as age, gender and education, and employment information
like base and total monthly wages, hours worked, tenure at the firm and occupation, for all em-
ployees in Portugal since 1985 (except for 1990 and 2001, when it was not collected).!

All estimation exploits a random sample of 10% of all full-time workers between the ages of

18 and 64, from 1986 to 2019 - between 111, 987 observations in 1986 and 226, 191 in 2019."!

10. Few matched employer-employee datasets are as detailed and precise as QP since employers must provide
their full roster of employees, and ensure that workers are also provided, to monitor compliance with labour law.

11. A random 10% sample is drawn for computational convenience, in order to handle a stacked dataset of 62 x N
observations. There is no reason to believe that any problem would arise from the use of a random sample given
the large size of the original dataset and the nature of the estimations.

13



The variable of interest in most cases is the total monthly wage (deflated to 1986 CPI), which
is most relevant in measuring wage inequality, and other variables utilised include age, gender,
tenure, region and level of education (transformed into years of education). Still, base wages

will also be utilized in order to study the different behavior of base and total wages over time.'?

4 Results and analysis

As discussed in section 2.1, the joint behavior of wage inequality and the minimum wage be-
tween 1986 and 2019 can be organized into three distinct periods: 1986-1994, where inequality
grew and the importance of the minimum wage was stagnant at best, 1994-2006, where in-
equality was stable and the minimum wage rose modestly, and 2006-2019, where inequality
significantly decreased and the importance of the minimum wage increased unprecedentedly.

For a most complete analysis, the model laid out in section 3.3 was estimated separately
for the three time-periods. The coefficients of interest resulting from that estimation - the co-
efficients measuring minimum wage effects, o,, - are reported in table 1, specifications (1-3).
Discussion in section 3.4 suggested that base wages could be reacting to changes in the min-
imum wage in a different way than total wages, so a model was also estimated for the period
2006-2019 using base wages instead of total wages, reported in table 1, specification (4).

The range of m, the maximum distance to the minimum at which minimum wage effects
are allowed, above and below, was differently determined for each specification by excluding
statistically insignificant coefficients, in order to best fit the model to each case. For instance,
while minimum wage effects are identified up to 40% above the minimum in the period 2006-

2019, no spillovers are found in 1986-1994. As such, the adopted ranges of m were {—3,0},

12. The wage distribution has had a very different behavior over time if we look at base wages or total wages -
see the behavior of both distributions in figure A.1, but especially notice how the total-base wage differential has
evolved differently at different points of the distribution in figure A.2. Unfortunately, discriminated data of the
components that make up the total wage is not available. This phenomenon will be further discussed in section 4.1.

14



5. coefficients Total wages Base wages
" 1) 1986-1994  2) 1994-2006 3) 2006-2019 4) 2006-2019

10%-15% below MW (6_3) %.ggg ((2).%15(%

5%-10% below MW (d_2) (% (1]377) (%i(’])g%

0%-5% below MW (§_1) (00.%)6165) (00%366)

At the minimum wage (dg) 0.302 1.092 1.097 1.649
(0.005) (0.005) (0.005) (0.004)

0%-5% above MW (67) ((2).(38328) (%.%(}17) (%.%gg

5%-10% above MW (42) ((2).(38)22) ((2). Z(l]éllf; ((2).(38317)

10%-15% above MW (d3) (%.(38527) (%. (1](?12)

15%-20% above MW (d4) (00.%)052’€ (00.(1]311)

20%-25% above MW (95) (%.(0]?22) (%.ggg

25%-30% above MW (d¢) %.ggg

30%-35% above MW (d7) ((2).(36’)13)

35%-40% above MW (ds) (00.(3311)

Number of observations 34724200 71344988 99422358 70180488

Table 1: Estimated coefficients of minimum wage effects. This table reports the probit regression esti-
mates for the 0., coefficients in equation 5. The range of m is tailored to each specification. All specifi-
cations include the explanatory variables mentioned in section 3.3, although the heaping variable is only
present in specifications (3) and (4). Standard errors (in parentheses) are clustered by individual.

{-3,5},{0,10} and {0, 2} for specifications (1), (2), (3) and (4), respectively.

These are probit regression coefficients so their direct interpretation can be problematic, but
we already see that they are all positive, which is expected since they refer to the cumulative
distribution. We can also clearly identify the spike created by the minimum wage in the d
coefficients, which are much higher than other ¢,,,, and see that spillover effects tend to decrease

as they draw away from the minimum, as coefficients are generally decreasing for m > 0.

4.1 Counterfactual wage densities

The beauty of this kind of methodology is its ability to let us play with all kinds of counterfactual
scenarios in order to extract, from specific statistics, or from the entire distribution, the effect

associated to certain explanatory factors. In this paper a series of counterfactuals scenarios
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are constructed in order to assess the effects of the minimum wage at different points of the
distribution, which is straightforward after the estimation of the conditional wage distribution.
We will first look at a series of actual and counterfactual density estimates of the wage dis-
tribution, which are obtained using an adaptive kernel density estimator (Abramson 1982; Jann
2007). The construction of counterfactual densities is done through the reweighting approach of
DiNardo et al. (1996) whereby samples are appropriately weighted in a similar way to common
propensity score reweighting methods (Fortin et al. 2011)."* Then, we will quantify the effect
of the minimum wage in several statistics of interest, decomposing changes in those statistics
into the underlying change, minimum wage bite effects and minimum wage spillover effects.
In short, counterfactual densities and statistics are obtained by changing the distribution of
certain covariates - in this case, what changes is the distribution of the D}}; minimum wage effect
dummy variables - and then reweighting the sample in accordance to the new distribution of co-
variates. For instance, to compute the wage the distribution that would have prevailed in 2019,
had the minimum wage stayed at its 2006 level, we simply compute the above-mentioned prob-
abilities, using the parameters that we estimated, but switching the distribution of the minimum
wage effect dummies with their 2006 level, Dy;_,,,. If the objective is to estimate the 2019
counterfactual wage distribution in the absence of spillovers, then we simply set the minimum
wage effect dummies above the minimum - the spillovers - to zero: DJ;_y,,9 = 0 for m > 0.
All in all, the wage distributions that would have prevailed in 1994, 2006 and 2019, had the
minimum wage remained at its 1986, 1994 and 2006 level, respectively, are presented in figure
3. In figure 4 we can see the corresponding changes in density across the wage distribution
that can be attributed to changes in the minimum wage. Figure A.3 of the appendix portrays the
counterfactual densities of the last year in the absence of spillover effects for those three periods,

and figures A.4, and A.5 present these density estimates by gender, and using base wages instead

13. The reweighted adaptive kernel density estimator is very briefly laid out in section A.1 of the appendix.
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of total wages for the most recent period, 2006-2019.'

As we can see, while the wage distribution visibly widened to the right between 1986 and
1994, the real value of the minimum wage in 1986 was nearly the same eight years later. Unsur-
prisingly, the mere 1% increase in the minimum wage over this period had nearly zero impact
on the 1994 wage density, which is almost identical to the actual wage density, except for a
slight smoothing around the minimum which can be attributed to lack of common support.'’
The absence of spillovers, reflected in specification (1), makes the counterfactual in figure A.3
indistinguishable from the actual 1994 density, so we conclude that the unchanged minimum
wage had no discernible effect on the wage density between 1986 and 1994.

In the second period of analysis we start to notice some minimum wage effects. Over twelve
years, the minimum wage increased 9%, which is not much, but certainly enough to reshape
the wage distribution to some extent. In figure 3 we can see that the mass of workers earning
wages below the 2006 minimum would be much more representative had the minimum wage
not risen by those 9%, and that a visible portion of the workers that earned wages up to 25%
above the 2006 minimum would be earning lower-wages, many of them earning less than that
new minimum. Figures 4 and A.3 confirm that the rise in the minimum wage was not only
responsible for a rise in wages for those who are now earning the new minimum, but it also
spilled over to workers that would not be affected by a higher minimum at first sight.

However, it is between 2006 and 2019 that we can observe the true potential of a minimum
wage. Looking at the actual wage densities of 2006 and 2019 in figure 3 we can see that the
distribution shifted to the right over 13 years, but that mainly happens through a significant com-

pression of the distribution at the bottom. And watching the wage histograms move throughout

14. While results for different time periods and for base wages were all estimated separately, the results by gender
were obtained using the estimates from specification (3), as the gains of estimating two additional models are trivial.

15. This type of weighting method can always be subject to problems of common support (Frolich 2004; Fortin
et al. 2011), especially taking into account the binding nature of the minimum wage in the Portuguese context.
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Figure 3: Counterfactual densities for the periods 1986-1994, 1994-2006, and 2006-2019. Each panel
of this figure depicts the counterfactual density estimate for the last year, had the minimum wage stayed
at its first year level, as well as the actual density estimates for the first and the last year of each period
of analysis. The dashed vertical lines indicate the first and last years’ minimum wages.
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Figure 4: Changes in density attributed to the change in the minimum wage. This figure depicts the
difference in densities between the actual last year distribution and the counterfactual distribution with
first year s minimum wage for the three time periods. Dashed vertical lines indicate the minimum wages.

the years in the interactive figure A.1 does hint that it is the minimum wage that is pushing that
left-tail more and more to the right. But it is by looking at the 2019 counterfactual density with
the 2006 minimum wage, in figure 3, that we can truly grasp the effect of the minimum wage
on the shape of the distribution. Had the real minimum wage not risen by the impressive 29%
that it did, the shape of the distribution would be incredibly different in 2019, with the very
high mass of workers earning up to 40% above the minimum, that we see in the actual distribu-
tion, significantly diluting, with a very large portion of workers shifting back in the pay-scale to
wages much lower than the 2019 minimum, and many remaining at the 2006 minimum. And if
the effect of spillovers is not clear enough, figures 4 and A.3 make it even more evident that a
very large share of lower-wage workers saw their wages increase significantly, and that portion
did not “accumulate” at the new minimum wage, but it actually spilled-over quite above that.

Furthermore, this impact was similar in shape for both women and men although, as we can
see in figure A.4, as the female distribution was already much more compressed at the minimum
in 2006 - while the male distribution was wider and further to the right - women seem to have
benefited more from the minimum wage hike overall, consistent with the literature.

Finally, figure A.5 discloses even more surprising insights on Portuguese wages. We saw in

figure 2 that base and total wages were not reacting to changes in the minimum wage in the same
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manner since 2006, as the share of workers on the minimum wage has been rapidly increasing
if we look at base wages, but if we look at total wages it actually decreased. Comparing the
previous results with figure A.5, we can see what is going on. Apparently, the total wages of
middle- and low-wage workers have been increasing at a pace that is not reflected in their base
wages - this phenomenon has increased the total-base wage differential that we see in figure
A.2 over the years. However, since the 2000s, that differential ceased to increase at the very
bottom of the distribution, where the minimum wage binds, because the minimum wage started
catching up and pushing the base wage of more and more workers.'® From this, and from the
comparison of our results for total wages (figures 3, 4 and A.3) and base wages (figure A.5),
we arrive at the conclusion that, while minimum wage bite effects are widely reflected in the
base wage, spillover effects predominantly manifest themselves in the other components that
make up the total wage. Since 2006, a very significant number of workers saw their base wages

increase to the new minimum but spillovers were minimal when compared to total wages.

4.2 Quantifying minimum wage effects

After recognizing the clear visual impact that the minimum wage has had on the wage distribu-
tion, it is important to quantify that impact. The main effects of changes in the minimum wage
are laid out in table 2, while table A.3 reports those effects by gender and for base wages.

The tables present several statistics of interest to evaluate the effect of the minimum wage
in the scenarios that have already been presented. Each panel contains those statistics for the
first year, the last year, a counterfactual last year where the minimum did not change, and a
counterfactual last year without spillovers. These four scenarios allow us to then decompose

the changes in the statistics into the underlying change - change that would have happened if the

16. The reasons for this are a mystery to the author and open up a new path for research - it could be happening as
employers shield themselves from extreme nominal wage rigidity in the base wage (Carneiro et al. 2014; Guimaraes
et al. 2017) that may not reflect in the other components of wages, or simply due to tax optimization by firms.
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Workers on Workers on  Mean
Sd  90-10 90-50 50-10
Ist year MW  last year MW  wage

A) 1986-1994 (AMW = 0.01)

1986 0.5 .21 079 042 0.11 0.11 5.24
1994 0.57 141 092 049 0.02 0.06 5.42
1994 w/ 1986 MW 0.58 1.4 092 048 0.03 0.05 5.43
1994 w/o spillovers 0.57 141 092 049 0.02 0.06 5.42
Total change 0.07 0.2 0.13  0.07 -0.09 -0.05 0.18
Underlying change 0.08 0.19 0.13 0.06 -0.08 -0.06 0.19
Change due to MW -0.01  0.01 0 0.01 -0.01 0.01 -0.01
Change due to bite -0.01  0.01 0 0.01 -0.01 0.01 -0.01
Change due to spillovers 0 0 0 0 0 0 0
B) 1994-2006 (AMW = 0.09)
1994 0.57 141 092 049 0.06 0.11 5.42
2006 0.58 143 095 048 0 0.04 5.57
2006 w/ 1994 MW 0.6 1.47 095 0.52 0.05 0.07 5.56
2006 w/o spillovers 0.58 147 094 052 0 0.06 5.57
Total change 0.01 0.02 0.03 -0.01 -0.06 -0.07 0.15
Underlying change 0.03 0.06 003 0.03 -0.01 -0.04 0.14
Change due to MW -0.02  -0.04 0 -0.04 -0.05 -0.03 0.01
Change due to bite -0.02 0 -0.01 0 -0.05 -0.01 0.01
Change due to spillovers 0 -0.04 0.01 -0.04 0 -0.02 0
C) 2006-2019 (AMW = 0.29)

2006 0.58 143 095 048 0.04 0.23 5.57
2019 051 121 086 035 0 0.04 5.73
2019 w/ 2006 MW 0.57 143 086 0.57 0.03 0.16 5.67
2019 w/o spillovers 0.53 134 085 049 0 0.1 5.71
Total change -0.07 -0.22 -0.09 -0.13 -0.04 -0.19 0.16
Underlying change -0.01 0 -0.09  0.09 -0.01 -0.07 0.1

Change due to MW -0.06 -0.22 0 -0.22 -0.03 -0.12 0.06
Change due to bite -0.04 -0.09 -0.01 -0.08 -0.03 -0.06 0.04
Change due to spillovers -0.02 -0.13 0.01 -0.14 0 -0.06 0.02

Table 2: Decomposition of changes in statistics of interest for the three periods. Each panel depicts
statistics of interest for the first year, the last year, and the counterfactuals of the last year with the first
year minimum wage and with no spillovers. They also contain the change in these statistics between the
first and the last year, decomposed into the underlying change and the change attributed to the shift in
the minimum wage, which is then itself decomposed into minimum wage bite effects and spillover effects.
The table and the decomposition are explained in detail in section A.2 of the appendix.
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minimum wage had not shifted - and the change that can be attributed to the shift in minimum
wage. The effect of the minimum wage can itself be decomposed into minimum wage bite
effects and spillover effects. The tables are explained in detail in section A.2 of the appendix.
The minimum wage practically stagnated during the first 8 years of the sample, so the de-
viation across the different 1994 scenarios for all statistics is negligible. Inequality increased
rapidly, especially at the upper tail, the average wage increased too, but virtually all of it is
explained by the underlying changes in the economy and not by any minimum wage changes.
Between 1994 and 2006 there was a 9% increase in the minimum wage and the growth in
inequality slowed. The underlying increase in the standard deviation of log wages of 3 log points
over 12 years was much lower than the 8 points in the previous 8 years anyway, so there clearly
were other more important factors mitigating wage inequality. However, the minimum wage
was still able to cut the increase in the standard deviation and the 90-10 percentile differential
by two thirds, and was actually responsible for the 1 point decrease in the 50-10, which increased
by 3 points in the counterfactual. Notably, if the minimum wage had not gone up, 5 of the 6%
of workers that were on the minimum wage in 1994 would still be earning that value in 2006.
Nonetheless, it is again in the third period that we see the full impact of the minimum wage.
As discussed before, wage inequality decreased greatly between 2006 and 2019 - the standard
deviation of log wages decreased by 7 points, the 90-50 differential decreased by 9 points and
the 50-10 by 13, for a total decline of 22 points in the 90-10 differential. And looking at figure
5, we see that wage growth between those years was almost inversely proportional to workers’
wage percentiles, with wages at the very bottom of the distribution increasing by 30%, while
wages at the very top almost stagnated. When we decompose those changes we find that, as the
wage density estimates suggested, the minimum wage had a crucial role in those developments.

Had the minimum wage not increased, the standard deviation would have decreased by only
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Figure 5: Wage growth incidence curves, 2006-2019. This graph depicts the actual and counterfactual
growth rate of wages by wage percentile from 2006 to 2019. Shaded horizontal lines indicate the mean
wage growth. Figure A.6 presents this for the three periods, as well as the full description of the graph.

one log point - the minimum wage bite was able to reduce the standard deviation by 4 extra log
points and its spillovers managed to reduce it another 2 points. More striking, the 90-10 differ-
ential would not have changed at all - while upper-tail inequality decreased by 9 log points due
to other factors, lower-tail inequality would have increased by 9 points, offsetting any changes
in the 90-10 differential. Instead, it decreased by 22 points, 13 of those in the 50-10, and most of
that was due to spillovers, which alone reduced the differential by 14 points. Figure 5 perfectly
illustrates this - while the 2006-2019 wage growth incidence curve was straightly decreasing in
actuality, if the minimum wage had not gone up we would be seeing an inverse-U-shaped curve,
whereby the wages of workers in the lowest percentiles, the ones who saw their wages increase
the most in reality, would have actually been the ones with the smallest growth.

Furthermore, the share of workers earning the 2006 minimum wage in 2019 would still be
3% - the shift in the minimum ensured that no worker was earning that value in 2019 - but what
is more striking is the share of workers earning the the 2019 minimum in both years. In 2019
the minimum wage was 600€, and only 4% of the workforce had a total wage equal or less than
that, but the share of workers earning that value in 2006, in real terms, was a staggering 23%.
This 19 point decrease over 13 years is due in part to other changes in the economy, but mostly

due to the increase in the minimum wage. The minimum wage bite put 6% of the workforce
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above that threshold and the spillovers put another 6%. In the end, such a powerful impact of
the minimum wage across the distribution could only translate itself in the average wage. And
it did. The average wage increased by 16 points over 13 years. That is not much, but it would
have been only 10 points if the minimum had not risen by those 29%. The rise in the minimum
wage was responsible for about 40% of the growth in the average wage between 2006 and 2019.

Table A.3 provides results by gender, clearly reflecting what we had observed in the wage
densities - the minimum wage was more important for women than for men. While male wage
inequality would have declined over this period anyway, the standard deviation, the 90-10 and
the 50-10 differentials of female wages would have actually increased by 2, 7 and 14 points
respectively. In reality, they all decreased thanks to the higher minimum. Still, men’s wages
were originally higher, so spillovers were much more decisive in reducing male wage inequality.

Finally, that table also contains the results using base wages instead of total wages. Again,
we see a great impact of the minimum wage in reducing inequality, although in this case it is
almost all due to the minimum wage bite - spillovers are minor, and only reach up to 10% above
the minimum. For instance, the bite single handedly cut the 50-10 differential by 23 points,
while spillover effects actually increased that differential by 2 points (which shows how close
the minimum is to the median in the base wage distribution). The bite also raised the wages of
the 8% of workers for whom the minimum wage bound in 2006, as predicted in the previous
section, and was responsible for two-thirds of the 12 point increase in the mean wage. Still, the
influence of the minimum on the distribution is visibly smaller for base wages, especially due
to the lack of spillovers: while the share of workers earning more than the real value of the 2019
minimum wage grew between 2006 and 2019, for both base (58% to 79%) and total wages (77%
to 96%), the share of that increase that can be attributed to the minimum is only one-third in the

case of base wages, much less than the two-thirds we found for total wages.
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5 Conclusion

Over the last three-and-a-half decades, wage inequality in Portugal increased, then it stagnated,
and then it fell. And the importance of the minimum wage in the labor market presented a
nearly symmetric behavior. This paper explored this significant negative correlation to try and
understand the impact of the minimum wage on the whole shape of the wage distribution.

The results clearly show how much the minimum wage can structurally reshape the distribu-
tion. Between 2006 and 2019, the remarkable rise in the real minimum wage was responsible for
virtually all of the decrease in wage inequality in Portugal, especially by deterring an increase in
inequality at the bottom half of the distribution. And most of that impact was driven by spillover
effects, since workers’ wages did not simply accumulate at the minimum - they cascaded up to
40% above the minimum wage. More, the minimum wage was not only able to structurally
reshape the wage distribution, but it actually shifted it to the right, explaining 40% of the in-
crease in the Portuguese average wage over that period. In accordance with the literature, the
minimum wage was most important in reducing female wage inequality, since women’s wages
were already lower, although spillovers turned out to be much more relevant for men.

The analysis was mostly done using total wages, but looking at base wages uncovered a
whole new phenomenon. Total wages have been growing faster than base wages for most work-
ers in Portugal, but the rapid growth of the minimum wage since the mid-2000s pushed the base
wage of more and more low-wage workers, stopping the rise of that differential when the min-
imum wage binds. Still, while minimum wage bite effects were widely reflected in the base
wage, spillovers predominantly manifest themselves in the other components of the total wage.

Such a powerful reshaping, such high spillovers, or such a total-base wage difference are not
common in the literature, but neither is a compression of the distribution and a minimum wage

hike like these, so this paper certainly opens up many issues to be addressed in future research.
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A Appendix

A.1 The reweighted adaptive kernel density estimator

The applied reweighted adaptive kernel density estimator is defined as

A0 = 1y D (XK (y,;y) (6)

where K (.) is an alternative Epanechnikov kernel function, / is the Silverman (1986) bandwidth,
and )\; are the local bandwidth factors (Abramson 1982; Jann 2007), based on a preliminary fixed

bandwidth density estimate, and estimated as
A=y i=1n (7

where G(.) stands for the geometric mean over all . Note that G(\) = 1, and thus G(h\) = h.
Then, ¢ (X}) is the reweighting factor proposed in DiNardo et al. (1996) and generalized in

Fortin et al. (2011), estimated as

&(Xk:): = ) k:177K (8)

where Y}, are the averages of the outcome variable per wage bin in the actual scenario, and Y;¢

are the averages outcome in the counterfactual.
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A.2 Interpreting the decomposition tables and results

Tables 2 and A.3 present the main quantitative results of this paper. Table 2 presents the results
for the three periods of analysis, while table A.3 presents the results of 2006-2019 by gender,
and using base wages instead of total wages.

The columns of the tables present several statistics of interest (referring to the logarithm of
real wages): the standard deviation and the 90-10 percentile differential to measure inequality
across the distribution, the 90-50 and the 50-10 differentials to measure upper-half and lower-
half inequality, the share of workers that is earning the real value of the first year's minimum
wage or less and the share of workers that is earning the real value of the last year s minimum
wage or less'’, and the average wage.

The first four rows of each panel present these statistics of interest for the different scenarios
that were estimated. Using panel A of table 2 as reference: /986, the actual statistics of the first
year; 1994, the actual statistics of the last year; 1994 w/ 1986 MW, the counterfactual statistics
of the last year, had the minimum wage stayed at its first year level; 1994 w/o spillovers, the
counterfactual statistics of the last year, had there been no minimum wage spillover effects.

The three rows after that present the decomposed change in those statistics. Total change is
the actual change that occurred between 1986 and 1994, underlying change is the change that
would have occurred between those years if the real value of the minimum wage had stayed at

its 1986 level, and the change due to the minimum wage is the change driven by the shift in the

17. For example, in the first row of table 2 we see the share of workers that was earning the real value of the 1986
minimum wage or less in 1986, and then the share of workers that was earning the real value of the 1994 minimum
wage or less in 1986.
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minimum wage between those years:

Total change = Underlying change + Change due to MW
Underlying change = 1994 w/ 1986 MW — 1986 9)

Change due to MW = 1994 — 1994 w/ 1986 MW

The two final rows of each panel present the Change due to MW decomposed into the change due
to the minimum wage bite, the change driven by the workers whose wages would be below the
new minimum but the minimum wage managed to push to that new minimum, and the change
due to the spillovers, driven by the workers who would be earning the new minimum wage or

more but, due to the minimum wage raise, still benefited from a wage boost:

Change due to MW = Change due to bite + Change due to spillovers
Change due to bite = 1994 w/o spillovers — 1994 w/ 1986 MW (10)

Change due to spillovers = 1994 — 1994 w/o spillovers
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A.3 Figures
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Figure A.1: Distribution of wages from 1986 to 2019. This figure depicts the distribution of the logarithm
of real wages across the years using total wages and base wages. Histograms have the same wage bins
that are used in the estimation of the model (0.05 log bins, between 4.5 and 7.5). The black vertical
line indicates each year s minimum wage, while the dashed lines indicate the reference years’ minimum
wages as they appear. This is an interactive figure. Click play to see the distribution moving over the
years or use the controls to move across the years (Acrobat Reader recommended).
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A) Total-Base log wage differential at different wage percentiles
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Figure A.2: Differences between Base wages and Total wages. This figure depicts some percentile-based
measures to help us understand the different behavior of base and total wages across the distribution
over time. Panel A depicts the Total wage-Base wage log differential for different wage percentiles - the
average log difference between total and base wages for the 10th, 50th and 90th percentiles of the wage
distribution. Panel B depicts the average wage at different percentiles at the lower-end of the distribution
for base and total wages, as well as the minimum wage line.

The total-base differential - the share of total wages that is composed by extra hours, food allowance, shift
allowance, and other regular and irregular payments - has grown at the middle of the distribution and
below over the years, and remained stable at the top of the distribution. However, it ceased to increase
at the very bottom of the wage distribution since the 2000s because, at that point, the minimum wage
started catching up and pushing the slower-growing base wages of more and more workers at the bottom
of the distribution, while total wages kept their pace.
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A) 1986-1994
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Figure A.3: Counterfactual densities in the absence of spillovers for 1986-1994, 1994-2006, and 2006-
2019. Each panel of this figure depicts the counterfactual density estimate for the last year of each period
of analysis, had there been no minimum wage spillover effects, as well as the actual density estimate for
that year. The dashed vertical line indicates minimum wage.
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A) Counterfactual of 2019 with 2006 minimum wage
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Figure A.4: Density estimates by gender. Each panel of this figure depicts the density estimate graphs
already presented for females and males. Panel A depicts the equivalent to figure 3, Panel B depicts the
equivalent to figure 4 and Panel C depicts the equivalent to figure A.3.
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Figure A.5: Density estimates using base wages. Each panel of this figure depicts the density estimate
graphs already presented, but using base wages instead of total wages. Panel A depicts the equivalent to
figure 3, Panel B depicts the equivalent to figure 4 and Panel C depicts the equivalent to figure A.3.
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lf]_ -
<~ 4
(o]
g
g8 7
=
o
£
5]
a
en N o
=)
|
o
T T T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100
Percentile
——— Actual wage growth between 1986 and 1994 ——— CF wage growth with 1986 minimum wage
B) 1994-2006
(\! -
o
50
g
<=
5]
k]
k)
2
o
S
—o
ol T T T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100
Percentile
—— Actual wage growth between 1994 and 2006 —— CF wage growth with 1994 minimum wage
C) 2006-2019
fﬁ_ -
o N -
o)
g
=
o
£
5]
a
on
)
e
[}

T T T T T T T T T T

T
0 10 20 30 40 50 60 70 80 90 100

Percentile
——— Actual wage growth between 2006 and 2019 ——— CF wage growth with 2006 minimum wage

Figure A.6: Wage growth incidence curve over each of the three periods of analysis. This graph de-
picts the actual and counterfactual growth rate of wages for every percentile of the distribution between
1986-1994, 1994-2006, and 2006-2019. The shaded horizontal lines represent the mean wage growth.
The slight difference between the actual and counterfactual curves above the 43rd percentile (the last
percentile where spillovers are identified) is due to the reweighing, not representing actual lower wage
growth. The first percentile was omitted in all three panels to avoid misbehavior related to the estimation
in the graph.
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A.4 Tables

Year 1986 1994 2006 2019
Mean log real wage 524 542 557 573
Mean log real wage (base wages) 5,10 524 535 547
(A) Inequality:

Gini index 03 035 037 033
Standard deviation (of log wages) 0.5 057 058 0.51
90-10 log percentile differential 1.21 141 143 1.21
90-50 log percentile differential 0.79 092 095 0.86
75-25 log percentile differential 0.66 0.77 0.76 0.65
50-10 log percentile differential 042 049 048 0.35

(B) Minimum wage:
Log real minimum wage 472 473 482 5.1
Relative minimum wage (log difference to the mean) | -0.52 -0.69 -0.75 -0.63
Share of workers on the MW or less 0.11 0.06 0.04 0.04
Share of workers on the MW or less (base wages) 0.14 0.09 0.08 0.21
(C) Composition of the workforce:
Share of male workers 0.68 0.61 0.57 0.54
Average years of education 528 6.56 8.62 10.78

Table A.1: Descriptive statistics of interest. Panels A, B and C of this table provide descriptive measures
of wage inequality, the importance minimum wage, and the composition of the workforce, respectively,
for the four years that delimit the three periods of analysis. Wage-based statistics use total wages unless
specified.
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Year Id Logreal wage || Year Id  Logreal wage Wage bin Outcome

2010 3825 7.26 2010 3825 7.26 54 1

2010 3836 4.83 2010 3825 7.26 55 1
2010 3825 7.26 56 1
2010 3825 7.26 57 0
2010 3825 7.26 58 0
2010 3825 7.26 59 0
2010 3825 7.26 60 0
2010 3825 7.26 61 0
2010 3825 7.26 62 0
2010 3836 4.83 1 1
2010 3836 4.83 2 1
2010 3836 4.83 3 1
2010 3836 4.83 4 1
2010 3836 4.83 5 1
2010 3836 4.83 6 1
2010 3836 4.83 7 1
2010 3836 4.83 8 0
2010 3836 4.83 9 0

Table A.2: Illustration of the stacked dataset. This table illustrates how the original dataset was stacked in
order to perform the estimation. Each observation in the original data was multiplied by 62, the number
of wage bins, and the outcome variable was determined for each wage bin, so as to “simultaneously
estimate 62 probit regressions”.
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Workers on Workers on  Mean
Sd  90-10 90-50 50-10
Ist year MW  last year MW  wage

A) Females (AMW = 0.29)

2006 052 126 0.88 0.38 0.05 0.32 5.44
2019 046 1.08 079 0.29 0 0.04 5.64
2019 w/ 2006 MW 0.54 133 081 0.52 0.05 0.24 5.52
2019 w/o spillovers 048 1.17 0.8 0.37 0 0.13 5.61
Total change -0.06 -0.18 -0.09 -0.09 -0.05 -0.28 0.2

Underlying change 0.02 0.07 -0.07 0.14 0 -0.08 0.08
Change due to MW -0.08 -0.25 -0.02 -0.23 -0.05 -0.2 0.12
Change due to bite -0.06 -0.16 -0.01 -0.15 -0.05 -0.11 0.09
Change due to spillovers  -0.02 -0.09 -0.01 -0.08 0 -0.09 0.03

B) Males (AMW = 0.29)

2006 0.6 148 095 0.53 0.03 0.16 5.68
2019 0.54 129 0.88 041 0 0.03 5.82
2019 w/ 2006 MW 0.57 139 087 0.52 0.02 0.08 5.81
2019 w/o spillovers 0.56 144 087 0.56 0 0.09 5.8

Total change -0.06 -0.19 -0.07 -0.12 -0.03 -0.13 0.14
Underlying change -0.03 -0.09 -0.08 -0.01 -0.01 -0.08 0.13
Change due to MW -0.03  -0.1 0.01 -0.09 -0.02 -0.05 0.01
Change due to bite -0.01  0.05 0 0.04 -0.02 0.01 -0.01
Change due to spillovers  -0.02 -0.15 0.01 -0.15 0 -0.06 0.02

C) Base wage (AMW = 0.29)

2006 051 124 087 037 0.08 0.42 5.35
2019 0.46 1 0.83  0.17 0 0.21 5.47
2019 w/ 2006 MW 0.5 122 084 0.38 0.08 0.29 5.42
2019 w/o spillovers 046 1.01 086 0.15 0 0.25 5.46
Total change -0.05 -024 -0.04 -02 -0.08 -0.21 0.12
Underlying change -0.01 -0.02 -0.03 0.01 0 -0.13 0.07
Change due to MW -0.04 -0.22 -0.01 -0.21 -0.08 -0.08 0.05
Change due to bite -0.04 -021 0.02 -0.23 -0.08 -0.04 0.04
Change due to spillovers 0 -0.01 -0.03 0.02 0 -0.04 0.01

Table A.3: Decomposition of changes in statistics of interest by gender and for base wages, 2006-2019.
Each panel depicts statistics of interest for 2019, 2006, and the counterfactuals of 2019 with 2006 mini-
mum wage and with no spillovers. They also contain the change in these statistics between the first and
the last year, decomposed into the underlying change and the change attributed to the shift in the min-
imum wage, which is then itself decomposed into minimum wage bite effects and spillover effects. The
table is explained in detail in section A.2 of the appendix.
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