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Inequality Over Time and Across Countries

Questions:

1. Why does wage inequality differ across countries?

2. Why has it been rising over time?

On the rise over time, there is a large reduced form literature

• Skill-biased technical change explains the rising college premium (Katz and Murphy,
1992).

• Taxation could be important for the rising incomes at the top (Piketty and Saez,
2003, 2007)

There is little quantitative theoretical work (an opportunity).
There is not even an accepted model to account for the earnings distribution at a point in
time.
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Inequality Over Time: Guvenen and Kuruscu (2010)

Goal: A structural model that accounts for changes in wage distribution since the 1970s.
Key facts:

1. Rising overall wage inequality, starting in 1970s

2. Rising college premium, starting in 1980s

The idea:

• SBTC accelerates in 1970s

• Skilled wage growth rises

• Skilled workers invest more in human capital

• Initially skilled wages fall, then they rise

• Within group wage inequality then rises as well
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Model

Demographics:

• Overlapping generations

• lifespan S

Preferences:
S∑
s=1

βs−1u (cs, 1− ns) (1)

Endowments:

• Aj : human capital productivity

• h0 = 0: human capital at age 0

• l: raw labor

• 1 unit of time in each period that can be split between work, leisure, studying
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Technologies

Output is produced from skilled and unskilled labor:

Yt = Zt ([θL,tLt]
ρ

+ [θH,tHt]
ρ
)
1/ρ (2)

L,H: total efficiency units of labor provided by each skill type.
We set ρ = 1 (perfect substitutes), so that ZθL is the unskilled wage.

Human capital is produced from time only:

ht+1 = ht +A([θL,tl + θH,tht]it)
α (3)

Note: θ’s are the same in both technologies (why?)

Skill weights drift up (H) or down (L) by κ in each period (SBTC)
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Individual Problem

Maximize lifetime earnings:

V (h) = max
i

[Z (θLl + θHh)] (1− i) + (1 + r)
−1
V (h′) (4)

subject to
h′ = h+A [(θLl + θHh) i]

α (5)

with terminal value VS+1 = 0
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Thought Experiment

Start in steady state
Then skill weights drift for T periods
After that, converge to new steady state
The period of rising skill weights starts in 1970 and ends in 1995 (data picking)

Compare model implication with data on wage distribution, skill premium, ...
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Calibration

A lot of standard choices.
Important choices:
α = 0.8

• curvature of h technology

• key for amplification
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Endowment distribution

• h0 = 0

• A uniform

• l uniform

The model has only 4 calibrated params:

• mean ability; var ability;

• var labor endowment;

• rate of SBTC 1970-95

Hidden parameters:

• curvature of hc production function;

• hc depreciation (set to 0),

• uniform distribution of abilities

• endowment correlations

• constant h0
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Calibration Targets

1. Avg college wage premium over 1970-95;

2. avg cross-sectional variance of wages;

3. mean wage growth over life-cycle

4. var(log wage 1995)

These 3 moments are supposed to identify the joint distribution of (h0, l, A) (!)
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What About Shocks?

The model is deterministic - there are no wage shocks.
The solution:

• simply scale down the variance of log wages by a constant

• the constant is the cross-sectional variance of shocks implied by estimated AR(1)
processes

As Huggett et al. (2011) point out: this is wrong.
Even though the variance should vary by age, GK simply remove a constant.

• This means: one cannot compare the model with wage distribution stats that condi-
tion on age.
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Results

The model matches (roughly) the time series of wage inequality

• of course it matches 1995 and the average by construction

One notable divergence occurs during the 1980s when inequality rises
faster in the data compared to themodel. Some authors have emphasized
the role played by the erosion of the legal minimum wage due to high
inflation in the late 1970s, which resulted in the fall of wages in the lower
tail of the distribution, thereby increasing inequality (cf. Card andDiNardo
2002). This factor is not present in the model, which might explain the
divergence from the data during the 1980s.

2. Between‐Group Inequality (College Premium)

Figure 4 plots the college premium in the simulated economies along
with the empirical counterpart. The DB model is calibrated to match
the average level of premium between 1965 and 1969.23 In the model
(thick solid line), the college premium falls throughout the 1970s fol-
lowed by a robust increase in the next two decades, showing an overall
pattern that is both qualitatively and quantitatively consistent with the
data.

Fig. 3. The evolution of overall wage inequality: model versus U.S. data, 1965–2000

Guvenen and Kuruscu250
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Results: College Premium

The model matches that the college premium initially falls and then rises

The mechanism for the falling college premium. Recall that the production
function is linear in this model, so the relative supply channel empha-
sized by Katz and Murphy (1992) is not operational. So how does the
model generate the persistent fall in the college premium during the
1970s? To understand this nonmonotonic behavior, wedecompose the col-
lege premium:

ω! ≡
w̄c

w̄n
¼ ðθLLnetc þ θHH net

c Þ=Nc

ðθLLnetn þ θHH net
n Þ=Nn

¼ ½θL þ θHðH net
c =Lnetc Þ'

½θL þ θHðH net
n =Lnetn Þ'

ðLnetc =NcÞ
ðLnetn =NnÞ

;

where the subscripts c and n denote college and high school graduates,
respectively; Nc and Nn denote the number of college and noncollege
workers (excluding current students); H net

c and Lnetc denote the human
capital and raw labor supplied to the market by college graduates. These
are calculated as in equation (3) but with the integrals taken over the set of
college graduate workers. Other aggregates are defined analogously. So,
for example,w ̄c is given by the total wage earnings of all college graduate
workers divided by the total number of such workers.
The ratio Lnetc =Nnet

c is approximately equal to the average hours de-
voted to the labor market (i.e., average hours not spent on training) by

Fig. 4. The evolution of the college premium: model versus U.S. data, 1965–2000

U.S. Wage Distribution, 1970–2000 251

Caveat:
There is no schooling in the data.
Solution: those who hit the corner i = 1 long enough are counted as college grads.
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Results: College Premium By Age

to 1980 in the data. Overall, the evolution of the college premium for
young workers in the model is broadly consistent with the data.
Similarly, the right panel plots the college premiumamong olderwork-

ers (30–39 years of experience). First, observe that, as noted above, the
change in the college premiumamong theseworkers is smaller compared
to that for young individuals: the premiumdoes not fall monotonically in
the 1970s—the decline averages about 5 log points over the entire decade—
and the rise is also smaller—11 log points from 1980 to 1995. In themodel
(solid line), there is no fall in the college premium in the 1970s; instead, it
goes up by 5 log points. The premium continues to rise, albeit at a slower
pace than among young workers, and it increases by 17 log points from
1980 to 1995. Therefore, themodel is qualitatively consistent with the fact
that the behavior of the college premiumduring this time is influenced by
the large fall and rise in the premium among younger workers and the
behavior among the old is less pronounced.
The intuition for these results can be anticipated from the earlier dis-

cussions: the large initial fall among young workers is largely due to the
fact that these individuals—who face a longer planning horizon and
hence have a larger marginal benefit from investing—respond to SBTC
much more strongly than older individuals. In contrast, the slow but
monotonic rise in the college premium among older workers is mainly
driven by the price effect without a significant investment response.
Therefore, the model studied in this paper offers a new, and in our view
fairly plausible, explanation for the differences in the behavior of the col-
lege premium among different experience groups.

Fig. 7. The college premium by experience level: model versus U.S. data

Guvenen and Kuruscu256

The model matches that the college premium evolves differently for young / old workers.
Caveat:
The level is all wrong
The model does not match how wage inequality changes with age (even though the authors
claim success).
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Results: Within Group Inequality

despite the fact that the model displays significant nonlinearities in the
relative wages in the short run, it displays an almost perfect linearity—
that is, a stretching out of the entire wage distribution—in the long run.
The mechanism behind this result should be clear from earlier discus-
sions. Wage inequality arises entirely from differences in human capital
accumulation rates, which in turn arise from differences in ability (for a
given age). Because individuals’ investment response to SBTC is mono-
tonically increasing in their ability, those with high ability have both
higher wages in 1963 and a higher wage growth in the subsequent
40 years (see fig. 12). The existence of this same pattern in the data sug-
gests that this mechanism appears to be an important channel behind the
rise in within‐group inequality.

B. Evolution of Average Wages

Stagnation of median wages and the productivity slowdown. We now
turn from the second moments of the wage distribution to the first mo-
ment, that is, to the changes in the average wages over this period.

Fig. 8. Log real wage changes by percentile: model versus U.S. data, 1963–2003

Guvenen and Kuruscu260
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Problems

themechanism that generatesmany of the results in this paper, including
the decline in the college premium in the 1970s and the small rise in con-
sumption inequality, among others.
In the right panel, the wage profiles show significant fanning out over

the life cycle, which is the only source of wage inequality in this model.
The implication that systematic differences in growth rates are the major
driving force behind the rise in wage inequality over the life cycle is sup-
ported by recent empirical studies that estimate wage and labor earnings
processes from micro data sets (Baker 1997; Huggett et al. 2006a, 2006b;
Guvenen 2007, 2009).14 For example, the calibrated version of the current
model in the next section implies that the cross‐sectional wage inequality
at age 55 is about nine times the inequality at age 35. For comparison,
Guvenen (2009, table 2) reports that the component ofwage inequality that
is due to systematic differences in growth rates (i.e., net of the inequality
due to idiosyncratic shocks) is about 10.5 times the inequality at age 35.

III. Quantitative Analysis

In this section, we calibrate the three different versions of the general
framework described in the previous section to the U.S. data under the as-
sumption that theU.S. economywas in steady state before SBTC took effect
in 1970. The model is solved numerically, and the results below are com-
puted using simulated data. For the stochastic versions (models 2 and 3 be-
low),we simulate 300 paths for aggregate skill prices and 600 individuals in
each cohort. We then compare the evolution of the wage distribution im-
plied by the model from 1970 to 2000 to the data. The U.S. wage data used
in this paper are from the annualMarch Current Population Surveys (CPS)

Fig. 1. Cross‐sectional differences in investment time and wages over the life cycle

Guvenen and Kuruscu242

Cross-sectional heterogeneity in h investment is enormous (because of the near linear techol-
ogy)
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Problems

Getting big changes in wage distribution requires enormous changes in h investment

D. The Rise in the Relative Supply of College Labor

While the main focus of this paper is on the evolution of the wage distri-
bution, the model also makes predictions about the behavior of college
enrollment and, consequently, about the change in the relative supply of
college‐educated labor during this period. Figure 13 plots (line with
squares) the total hours worked by individuals with a college‐equivalent
degree or more relative to those with lower educational levels. This mea-
sure more than doubles from 1970 to 2000 in the U.S. data. The model
counterpart (thick solid line) understates the level of relative supply be-
fore SBTC,which is perhaps not surprising since no attemptwasmade to
match any aspect of educational attainment in the calibration. However,
the relative supply grows significantly in the model, by 0.36 over the en-
tire period, compared to 0.33 in the data. This similarity seems surprising
given that in the model college education is modeled merely as a by‐
product—depending on whether investment exceeds a certain threshold
or not—andmany potentially important features have been left out, such
as tuition costs, changes in the availability of financial aid for college,
changes in the quality of education, and so on. This result suggests that
SBTC might have played a more important role than these factors in de-
termining the overall rise in educational attainment during this period.31

However, despite these plausible implications for the long‐run behav-
ior, themodel does not capture the behavior of college enrollment rates in
the short run. In particular, college enrollment rates were stagnant
in the U.S. data in the 1970s (cf. Card and Lemieux 2001), whereas the
model predicts an immediate rise after the onset of SBTC. As we show
in Guvenen and Kuruscu (2007), this counterfactual implication is a

Fig. 12. Large rise in cross‐sectional wage inequality: small rise in lifetime wage inequality

U.S. Wage Distribution, 1970–2000 265
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Thoughts

The paper tries to do too much with one shock (SBTC).

• The authors have to pick the right time period to make this work.

There is also a lot of data picking (in part b/c the model cannot be compared with most
data moments b/c it has no shocks)

• The notion of schooling is odd

More data could be used for identification of key parameters

• endowment distribution

• curvature of Ben-Porath technology

This is an opportunity to do better:
Needed: a quantitative theory of the wage distribution over time.
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A Simple Model

Surprisingly, a very simple model gets a lot of the data (Hendricks, 2015).
Assumptions:

1. A nested CES aggregate production function with constant skill-biased technical
change. This is a minor extension of Katz and Murphy (1992).

2. Cohort qualities that are a function of the cohort’s average years of schooling.

3. Time invariant age-efficiency profiles.

Estimation:

• fit all mean log wages by [age, school, year] in the CPS (for men).
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Model Fit

Age  --  cohort 1935

20 30 40 50 60

L
o

g
 w

ag
e

6.5

6.6

6.7

6.8

6.9

7

7.1

R
2
=0.83

Model
Data

Age  --  cohort 1939

20 30 40 50 60

L
o

g
 w

ag
e

6.6

6.7

6.8

6.9

7

7.1

R
2
=0.74

Age  --  cohort 1944

20 30 40 50 60

L
o

g
 w

ag
e

6.2

6.4

6.6

6.8

7

7.2

R
2
=0.85

Age  --  cohort 1948

20 30 40 50 60

L
o

g
 w

ag
e

6.2

6.4

6.6

6.8

7

R
2
=0.73

Age  --  cohort 1952

20 30 40 50 60

L
o

g
 w

ag
e

6.2

6.4

6.6

6.8

7

R
2
=0.76

Age  --  cohort 1956

20 30 40 50 60

L
o

g
 w

ag
e

6.2

6.3

6.4

6.5

6.6

6.7

6.8

R
2
=0.66

Fit: wage profiles for high school graduates.
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College Premium
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College premium for young workers.
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College premium for older workers.

Implications

If a model with time-invariant experience profiles does this well, it’s a bit hard to believe in
models where everything is driven by changing returns to experience.
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Taxation: Guvenen et al. (2013)

The claim: Low progressivity is responsible for

• large pre-tax earnings inequality

• the rise in earnings inequality over time

A simple idea:

• to be rich, you must invest in human capital

• with progressive taxes, that investment is less profitable

• in addition: the rich have less of an incentive to work hard
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New Fact: Progressivity and Wage Inequality
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4. PARAMETER CHOICES

We now discuss the parameter choices for the model. First, our quantitative analysis focuses on
steady states of the model described in Section 2. Second, we focus on male workers so as to avoid
potential selection issues across countries related to different labour market participation rates for
female workers. Our basic calibration strategy is to take the U.S. as a benchmark and pin down a
number of parameter values by matching certain targets in the U.S. data.19 We then assume that

19. Taking the U.S. as the benchmark is motivated by the fact that its economy is subject to much less of the
labour market rigidities present in the CEU—such as unionization or firing restrictions. Because these institutions are
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Wage data: OECD labor force surveys (FT-FY)
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New Fact: Progressivity and Change in Wage Inequality
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4. PARAMETER CHOICES

We now discuss the parameter choices for the model. First, our quantitative analysis focuses on
steady states of the model described in Section 2. Second, we focus on male workers so as to avoid
potential selection issues across countries related to different labour market participation rates for
female workers. Our basic calibration strategy is to take the U.S. as a benchmark and pin down a
number of parameter values by matching certain targets in the U.S. data.19 We then assume that

19. Taking the U.S. as the benchmark is motivated by the fact that its economy is subject to much less of the
labour market rigidities present in the CEU—such as unionization or firing restrictions. Because these institutions are
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Model

Demographics:

• Overlapping generations of constant size

• Each person lives for S periods

Preferences:
S∑
s=1

βs−1u (cs, 1− ns) (6)

Endowments:

• Aj : human capital productivity

• h0: human capital at age 0

• 1 unit of time in each period that can be split between work, leisure, studying

Technologies:
Human capital is produced from time only:

hs+1 = hs +Aj (hsisns)
α (7)

This is partial equlibrium (other technologies not specified).
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Individual’s Problem

Max lifetime utility subject to

1. budget constraint

cs + as+1 = (1− τ̄ (ys)) ys + (1 + r) as (8)

with
ys = PHhs (1− is)nsε (9)

2. human capital law of motion

3. i ∈ [0, χ] ∪ 1: either schooling or part-time job training

Choices are consumption, leisure, study time
(and implied: saving, hours worked, assets)
ε is a Markov shock.
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What Do Taxes Do?

The household problem has a closed form solution (given work hours):

(1− τ (ys))C
′
j

(
Qjs
)

=

S−t∑
t=1

(1 + r)
−t

(1− τ (ys+t))ns+t (10)

where C ′j
(
Qjs
)

= PH
(
Qjs/A

j
)1/α and Qjs = Aj (hsisns)

α.
The simple idea:

• The opportunity cost of investing in h is foregone earnings (subject to today’s marginal
tax)

• The gain is the present value of future earnings (subject to future taxes)

• Progressivity reduces investment (in the same wage as declining wages would)

The most able workers are affected the most (in some vague sense).
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Quantitative Model

Add a simple pension system
Balanced government budget
Full consumption insurance

• Each type j can fully insure consumption risk among its members.

• For each member of type j, consumption is the same and constant over time (with
β (1 + r) = 1).
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Calibration

Tax scheduled are pieced together from OECD data
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Progressivity wedges at different income levels: 1− 1−τ (k×0.5)
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the ambition level of the individual, dampening human capital investment, especially at the top
of the distribution.

3.2. Taxes and inequality: cross-country empirical facts

The wage inequality data come from the OECD’s Labour Force Survey database and are derived
from the gross (before-tax) wages of full-time, full-year (or equivalent) workers.16 This is the

16. More precisely, wages are measured before taxes and before employees’ social security contributions and also
include bonuses and vacation/overtime pay when applicable. Therefore, they represent a fairly good measure of the total
hourly monetary compensation of a worker. Notice that the underlying data are collected separately by individual countries,
so there is some variation in how they are measured. The OECD Labour Force Survey attempts to harmonize these data
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Other parameters are calibrated to US data.
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Calibration

Key parameter: α = 0.8 (nearly linear h technology).
Endowment distribution:

• invented

• A and h are uniform and perfectly correlated

Shocks ε: 2 value Markov chain
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Quantitative Experiment

Fix all parameters at US levels.
Compute inequality in the US’s steady state with Norway’s tax schedule

Main Result

The model accounts for about half the variation in wage inequality across countries
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TABLE 5
Measures of wage inequality: benchmark model versus data

L90-10 L90-50 L50-10

Data Model Fraction explained Fraction exp. Fraction exp.

Level ! from US Level ! from US (d)/(b)
(a) (b) (c) (d) (e) (f) (g)

Denmark 0.97 0.63 1.22 0.38 0.60 0.97 0.31
Finland 0.94 0.66 1.27 0.33 0.49 0.78 0.25
France 1.14 0.46 1.44 0.16 0.35 1.23 0.12
Germany 1.06 0.54 1.29 0.30 0.56 0.90 0.28
The Netherlands 1.05 0.55 1.36 0.24 0.43 0.65 0.23
Sweden 0.87 0.73 1.28 0.31 0.43 0.75 0.26

CEU 1.00 0.59 1.31 0.29 0.48 0.84 0.24

U.K. 1.28 0.32 1.56 0.03 0.10 0.06 0.13
U.S. 1.60 0.00 1.60 0.00 – – –

(above the median) will be a recurring theme of this article. This finding is consistent with the
idea that progressive taxation affects the human capital investment of high-ability individuals
more than others and, therefore, the mechanism is more effective above the median of the wage
distribution.27 Finally, a notable exception to these generally strong findings is the U.K., which
is an important outlier: the model explains very little of the difference between the U.K. and U.S.
at the upper tail (6% to be exact) and only slightly more (13%) at the lower end.

Decomposing the Effects of Different Policies: The baseline model incorporates several
differences between the labour market policies of the U.S. and those of the CEU countries.
Here, we quantify the separate roles played by each of these components for the results presented

27. The model does especially poorly in explaining the small L50-10 in France (12%). One reason could be the
legal minimum wage (not modelled here), which is equal to 62% of average earnings in France—the highest among
the CEU and much higher than the 36% of average earnings in the U.S. More generally, several features of the welfare
systems in the CEU leads to selection at the lower tail whereby low-ability individuals do not work and hence do not
appear in the computed wage statistics (such as L50-10). Thus, it is perhaps not surprising that the model does less well
at the lower end.
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Differences are mainly due to progressivity, not due to consumption tax or retirement ben-
efits
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Thoughts

Key issue: what part of earnings dispersion is

• “shocks” and “endowments” (not affected by taxes)

• h investment (affected by taxes)?

All of the fanning out of the earnings distribution is due to h

• that must be important

Key issues: how responsive is investment to taxes?

• governed by α

• where does α = 0.8 come from?

Where is a demonstration that the model “fits” the data?

• There is some comparison against cross-country data at the end of the paper

Once again: not much data was hurt in the making of this paper.

• Could one do better?
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Time Series Experiment

U.S. and Germany
1983 and 2003
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Figure 6

Progressivity wedge by income level: U.S. versus Germany, 1983 and 2003

TABLE 8
U.S. vs Germany: changing tax schedules and changing inequality

Data Model

(1) (2) (3) (4)
Taxes: Fixed Changing Changing
SBTC: calibrated to U.S. fixed calibrated to U.S.

Panel A: Change in L90-10
U.S. 0.32 0.32a 0.21 0.32a

GER 0.13 0.19 0.01 0.09
!(U.S.–GER) 0.19 0.13 0.20 0.22

Panel B: Change in L90-50
U.S. 0.22 0.23 0.15 0.23
GER 0.05 0.14 0.01 0.06
!(U.S.–GER) 0.17 0.09 0.14 0.17

Panel C: Change in L50-10
U.S. 0.10 0.09 0.06 0.09
GER 0.07 0.05 0.00 0.03
!(U.S.–GER) 0.02 0.04 0.06 0.06

aSBTC (PH ) calibrated so that the model matches the rise in L90-10 for the U.S. exactly.

Germany during the same period. Turning to the model and assuming that Germany has been
subject to the same SBTC as the U.S., the model generates a rise of 19 log points in L90-10
for Germany. Thus, whereas the inequality gap widens in the data by 32−13=19 log points,
the model predicts 32−19=13 log points, explaining 68% (13/19) of the observed difference in
the data.

Second, in column (3), we consider the case where the only change over time is in the tax
schedules. We do not recalibrate any parameter to match targets in 1983. In the U.S., L90-10 rises
substantially—by 21 log points—with no SBTC. Hence, the flattening of the tax schedule alone
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Experiment: Using US parameters, change tax schedule from 1983 to 2003

• US: 90/10 ratio rises by 21 log points (32 in the data)

• Germany: little change
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Interesting Fact
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Figure 8

Life cycle profile of wage and earnings variance

in the U.S. compared to Germany and almost none is due to differences in initial inequality. This
is also true in the model: the variance of log wages averages 0.133 for the U.S. and 0.148 for
Germany in the first five years of the lifecycle. This is a small gap compared to the 16 log points
faster rise in wage inequality between ages 25 and 55.

Finally, instead of controlling for cohort effects as we did above, one can alternatively control
for time effects. Using this approach, mean log wages rise by 0.37 in the U.S. compared with 0.27
in Germany. Inequality rises by 0.12 in the U.S. compared with only 0.02 in Germany. Thus, while
the magnitudes change, the rankings of the two countries remain the same under this alternative
approach.32

Earnings: Ideally, we would like to expand the comparison in the left panel of Figure 8 to
all countries in our sample. However, this would require examining several distinct micro data
sets—one for each country—which is beyond the scope of this article. One option is to use the
Luxembourg Income Study (LIS), which is a harmonized cross-country data set. One drawback
of this data set is that it does not allow one to compute wages at different points in time, which
is needed to clean cohort effects, as we did above. The data set does, however, contain earnings
information at several points in time, which we use to construct life cycle profiles of earnings
inequality for the six countries other than the U.S. and Germany (right panel of Figure 8).33 For
the U.S. and Germany, we continue to use the PSID and GSOEP.

Three groups of countries can be discerned in the right panel. The U.K. and the U.S. form the
top group, with the largest rise in earnings inequality over the lifecycle. Scandinavian countries
are concentrated at the bottom of the figure, with Sweden and Finland displaying increases of only
3 and 5 log points (in standard deviation), respectively, and Denmark recording a decline of 17 log
points over the life cycle. Finally, the remaining three countries in western Europe—Germany,

32. A complementary piece of evidence is presented in Domeij and Floden (2010) from Sweden. These authors
construct the analog of the left panel of Figure 8 for Sweden and find that the rise in wage inequality over the life cycle is
much smaller than in both the U.S. and Germany. In Sweden, from age 25 to 55, the variance of log wages rises by 0.08
when controlling for time effects and falls by 0.06 when controlling for cohort effects; see Domeij and Floden (2010:
figs. 13 and 14). Given the high progressivity of income taxes in Sweden compared with the U.S. and Germany, this
outcome is exactly what is predicted by the present model.

33. Supplementary Appendix G.4 contains the details of sample selection in the LIS and other relevant details.

 at U
niversity of N

orth Carolina at Chapel H
ill on February 9, 2015

http://restud.oxfordjournals.org/
D

ow
nloaded from

 

Very different pattern of inequality over the life-cycle.
Could be a good start for a paper!
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Thoughts

This part of the paper is pretty weak.
Possible project:

• Goal: quantitative theory of changing wage distribution in the US

• Ben-Porath model (e.g. Huggett et al., 2011)

• Add progessive taxes that change massively over time

• How to deal with the rising college premium?

Likely outcome: h must be far less sensitive to taxes than Guvenen-Kuruscu think with
α = 0.8)

• Otherwise earnings profiles would move around like crazy

.
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