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Tinbergen’s (1974) approach to inequality,
based on the race between technological change
increasing the demand for skills and the rise in
the supply of skills due to education, has been
a mainstay of labor economics. Its canonical
formalization in the SBTC (skill-biased techno-
logical change) model of, inter alia, Katz and
Murphy (1992) and Goldin and Katz (2008) has
transformed the study of inequality and skills. In
this model, technological change takes a factor-
augmenting form and increases the productivity
of skilled workers more than those of less skilled
workers. In its most common version, changes
in the demand for skills can be expressed as
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where wy /wy is the skill premium, H/L is the
relative supply of skills, o is the elasticity of
substitution between skilled and unskilled work-
ers and Ay and Ay are factor-augmenting tech-
nologies for unskilled and skilled workers re-
spectively. In Katz and Murphy’s seminal pa-
per, o is estimated to be around 1.4, and, com-
bined with a steady growth path for Ay /Ay, this
model accounts for the time-series of the college
premium in the US fairly successfully.

As argued in Acemoglu and Autor (2011),
however, this framework is restrictive in some
crucial respects. It does not help us under-
stand the occupational trends in the labor market
of most advanced economies, whereby, rather
than general skill upgrading, we see the dis-
appearance of middle-skill occupations, such
as production and clerical jobs. More impor-
tantly, as pointed out in Acemoglu and Restrepo
(2019), the economic mechanism in the canon-
ical model is the substitution of the tasks and
goods produced by skilled workers who are be-
coming more productive for those produced by
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less skilled workers (and is thus mediated by
the elasticity of substitution ¢). This implies
that the canonical SBTC model cannot account
for major changes in the US labor market with-
out technological regress. First, without techno-
logical regress, real wages of unskilled workers
should be rising, whereas, in the US over the last
four decades, they have declined notably. Sec-
ond, even if A; were constant, this model could
only generate the rise in the US college premium
between 1963 and 1987 with a growth of 11.3%
per annum in Ag. But this would translate into
at least a 1.9% increase in TFP, whereas the US
TFP over this time period grew only by 1.2%
per annum (the same applies for the more recent
1992-2008 period; see the Appendix).

Acemoglu and Autor (2011) and Acemoglu
and Restrepo (2018, 2019) propose a task-based
model that redresses some of these problems and
extends the types of technological changes that
impact the demand for skills. At the center of
the framework are (1) the allocation of tasks
to different factors of production (skilled labor,
unskilled labor and capital); and (2) new tech-
nologies that affect the productivity of factors in
specific tasks and, as with automation, change
the task content of production. In this frame-
work, the effect of technology on the demand for
skills and wages is not mediated via the elastic-
ity of substitution; the impacts of technology on
productivity and wages are decoupled; and new
technologies can easily reduce wages for some
or all workers. In this paper, we develop a flexi-
ble version of this conceptual framework, study
the impact of different types of technologies on
productivity and wages, and provide evidence on
the link between automation and inequality.'

1our companion paper, Acemoglu and Restrepo (2020b),
develops a multi-sector model with multiple skill types and
estimates the contribution of factor-augmenting technological
changes and changes in the task content of production to the evo-
lution of US wage structure. It finds that the bulk of the changes
are due to the task content of production.
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I. A Model of Tasks, Output and Inequality

We start with a single-industry model. The
unique final good is produced from a mass M of
tasks x € T combined via a CES aggregator:
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where 4 > 0 is the elasticity of substitution
across tasks. Tasks are performed by unskilled
labor, £(x), skilled labor 4 (x), or capital k(x):

y(x) = wr(x)l(x) + wu (x)h(x) + pg (x)k(x),

where y;(x) = Aj - y;j(x) for j € {L, H, K}
denotes the productivity of factor j at task x.
We assume k(x) is produced using ¢ (x) units
of the final good, while skilled and unskilled
labor is supplied inelastically, with market-
clearing conditions L = fo (x)dx and H =
fT h(x)dx. We denote by T, Ty and Tk the set
of tasks performed by each factor. A competitive
equilibrium is represented by an allocation of
tasks to factors and a production of capital goods
that maximizes net output ¥ — | L q(O)k(x)dx.
The Appendix shows that net output is given by
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where the share parameters, I'; and 'y, are en-
dogenously determined and represent the range
of tasks performed by the two types of labor:
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Analogously to equation (1) in the canonical
model, the effects of various technologies on the
skill premium can be expressed as
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where the last term—the main difference from
(1)—is evaluated at the initial ratio of effec-

tive skilled to unskilled labor, %, and cap-

MONTH YEAR

tures the effect of changes in the allocation of
tasks to factors on the skill premium. More-
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derived elasticity of substitution between skilled
and unskilled labor. This elasticity reflects two
types of substitution: between tasks, represented
by A (with more productive skilled labor, there
is greater production of skill-intensive tasks),
and substitution at the extensive margin whereby
some tasks are reallocated from unskilled labor
and capital to skilled labor. It is because of this
second type of substitution that ¢ > 4.

In addition to factor-augmenting changes—
the A7, Ay and Ag terms—that increase the
productivity of a factor in all tasks, this frame-
work enables us to analyze the impact of tech-
nologies that affect the productivity of a factor
in some tasks. Particularly relevant is automa-
tion—changes that enable capital to be used in
tasks that were previously performed by labor
(or equivalently increase the productivity of cap-
ital in such tasks). For example, robots can be-
come more productive in welding, a task that
was previously performed by human welders.
The effects of automation and other technologi-
cal changes impacting the allocation of tasks to
factors work through the last term in (1).

Formally, consider an increase in yg (x) for a
set of tasks currently not in 7x. This type of ad-
vances in automation technology will lead to an
expansion in the set of tasks allocated to capi-
tal, Tx. Automation can displace skilled or un-
skilled labor. In the context of industrial robotics
technology, the evidence presented in Acemoglu
and Restrepo (2020a) suggests that most of the
automated tasks used to be performed by less
skilled workers, and we start with this case.
We also simplify the analysis by assuming that
vk (x) = 0 for all x ¢ Tk and that if a task can
be automated and produced by capital it will be
produced by capital in equilibrium (see the Ap-
pendix for primitive conditions that ensure this).

PROPOSITION 1: Consider an improvement
in automation technologies such that the pro-
ductivity of capital in a set of tasks in A C T
increases to wk (x) > 0. Then
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Moreover, wy increases, while wy may increase



VOL. VOL NO. ISSUE

or decrease.

Several points are worth noting. First, the ef-
fect of automation technologies on the skill pre-
mium is completely driven by the set of tasks
(weighted by their effective productivity) un-
skilled labor loses relative to the entire set of
tasks previously performed by these workers
(and is not mediated by the elasticity of substi-
tution, and ¢ does not need to be greater than
one). This close connection between the set
of task reallocations and factor price changes
is the main conceptual insight of this class of
models. Second, advances in automation tech-
nologies increase TFP, but these effects, com-
ing from cost savings due to automation, may
be small (see the Appendix). Third, the magni-
tude of the change in the skill premium is de-
coupled from productivity increases.”> Fourth,
the unskilled wage may decline precisely when
the increase in TFP is small (Acemoglu and Re-
strepo, 2018), but the skilled wage always in-
creases because tasks produced by other factors,
which are g-complements to those produced by
skill workers, are becoming cheaper.’

This framework also allows us to study the
implications of new labor-intensive tasks. The
role of new tasks was emphasized in Acemoglu
and Restrepo (2018, 2019) in both maintain-
ing a stable labor share in GDP in the face of
steady automation and as a source of produc-
tivity growth. For example, design tasks, most
manufacturing engineering tasks, most back-
office activities and all programming occupa-

2Speciﬁcally, in the canonical

dInTFP

din(wy /wy) AL
share of skilled labor in value added. Thus, to get the demand
for skilled labor to increase by 1%, one needs a 0.83% increase
in productivity. Instead, in our model, in response to automa-
tion, % = o -s; -m, where 7 > 0 is the average
proportional cost reduction in automated tasks. This expression
shows that, when # — 0, our model generates large swings in
the skill premium from very small changes in TFP. Because of
this difference, our framework generates sizable changes in the
skill premium for reasonable changes in TFP. For example, if
automation reduces the cost of producing a task by 7 = 30%, as
in the case of industrial robots, then the increase in the college
premium between 1963 and 1987 can be explained with as little
as 0.6% per annum growth in TFP.

3Some of the automated tasks in A may be previously per-
formed by skilled workers: Al may replace tasks currently em-
ploying skilled workers, and many of the iconic innovations of
the Industrial Revolution automated spinning, weaving and knit-
ting tasks previously performed by skilled artisans. If so, au-
tomation may have the opposite effect on the skill premium.

model, we have

= sy - o/(c — 1), where sy is the
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tions are new relative to the first half of the
20th century and have been major drivers of the
growth of labor demand. Suppose, in particular,
that a set of new tasks is introduced. Then:

PROPOSITION 2: Suppose a small set of new
tasks that expand M is introduced. If skilled
workers have comparative advantage at these
tasks—that is, wy /wg(x) < wrp/wr(x) at cur-
rent wages—then the skill premium increases by

din (w_H) _Llyradx
wr o [y A tdx

If, on the other hand, unskilled workers have

comparative advantage at these tasks—that is,

wr/wr(x) < wy/wg(x) at current wages—

then the skill premium will decline by

wH 1fNyZ'_1dx
dln I =__T.
wr o fTL yi o dx

The interpretation of this proposition is simi-
lar to that of Proposition 1. In particular, the ef-
fect on the skill premium is again a function of
the set of tasks reallocated across factors. Anal-
ogously, these changes always increase TFP, but
small changes in TFP can go hand-in-hand with
sizable changes in the skill premium. Also no-
table is that new tasks may increase or reduce
the skill premium, depending on whether they
are allocated to skilled or unskilled labor.*

Two other types of technological changes can
be studied in this framework. The first is
“standardization”, which involves the simplifi-
cation of previously complex tasks performed
by skilled labor so that they can now be more
cheaply performed by unskilled workers (see
Acemoglu and Restrepo, 2018), and the second
is “skill upgrading”, which involves the trans-
formation of unskilled tasks so that they can be
more productively performed by skilled work-
ers. We derive the implications of these two
types of technological changes in the Appendix.

II. Empirical Evidence from US industries

We next suppose that the model outlined in
the previous section describes production at the

4This is in contrast to the extension considered in Acemoglu
and Restrepo (2018), where we assumed that new tasks were al-
ways performed by skilled workers.
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industry level and then use industry-level data
from the US to investigate whether automation
and new tasks are associated with changes in
the demand for skills. We follow Acemoglu and
Restrepo (2019), who show how changes in the
task content of production in a multi-sectors set-
ting can be estimated. We use data from the
BEA, BLS, and NIPA on factor shares, factor
prices, and capital stocks for 1947-1987 and
1987-2016 at 3-digit level, and exclude indus-
tries heavily dependent on commodity prices,
in particular, oil and gas, mining, and agricul-
ture, which exhibit large temporary fluctuations
in factor shares. This leaves us with 44 indus-
tries. We combine these with data on wage bill
and hours of work by college and high school
workers from the US Censuses and the ACS.’

We then repeat the empirical exercise in Ace-
moglu and Restrepo (2019) to obtain estimates
of displacement and reinstatement effects (cor-
responding to automation and the creation of
new tasks) at the industry level for our two sub-
periods. Displacement [resp., reinstatement] ef-
fects correspond to declines [resp., increases] in
the labor share of value added in industry not ex-
plained by changes in factor prices in a five-year
period. In the Appendix, we provide details on
data sources and the construction of these vari-
ables, present descriptive statistics, and docu-
ment how they covary across industries. Both
measures are expressed in percent changes, so
that a 0.1 displacement corresponds to a 10% de-
cline in the labor share.

Using these measures, we estimate the follow-
ing model separately for the two periods:

(2)  ASBTC; =p,displacement;
+ p,reinstatement; + ¢;,

where ASBTC; is our measure of industry-level
increase in the demand for skills—the change in
the log of the college wage bill relative to the
high school wage bill in each industry during the
relevant period. All regressions are weighted by
the average share of the aggregate wage bill ac-
counted by the industry during the period. These
regression results are presented in the Appendix.

SWe follow Acemoglu and Autor (2011) and define college
workers as those with a college degree and half of those with
some college. High school workers are therefore those with a
high school degree or less and half of the workers with some
college.
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Here we depict them visually.

Figure 1 shows a strong association between
industry-level demand for skills and our mea-
sures of displacement (due to automation) and
reinstatement (due to new tasks). During both
subperiods, displacement is associated with in-
creases in the demand for skills of the indus-
try, though displacement changes are larger and
the relationship becomes steeper in 1987-2016,
shown in Panel b. A 10% increase in displace-
ment during 1987-2016 is associated with a 8%
increase in the relative demand for college work-
ers (s.e.=0.015). This estimate implies that dis-
placement alone explains about 30% of the vari-
ation in the demand for skills across industries
during this period.® Panels ¢ and d depict the
relationship between new tasks and the demand
for skills. Greater reinstatement is associated
with lower demand for skills during 1947-1987,
presumably because unskilled labor had a com-
parative advantage in many of the new tasks
introduced during this period. In contrast, re-
instatement goes hand-in-hand with greater de-
mand for skills in 1987-2016, which we inter-
pret as new tasks being allocated to skilled work-
ers during the last three decades. Our estimates
suggest that during this latter period, a 10% in-
crease in reinstatement is associated with a 7%
increase in the relative demand for college work-
ers (s.e.=0.035).7

III. Conclusion

Automation and new tasks can have sizable
effects on the demand for skills and factor prices
(including declines in the wages for some or
all types of labor), while leading only to small
changes in TFP. These effects are not mediated
by the elasticity of substitution between factors
and work instead via the changes in the alloca-
tion of factors to tasks (the task content of pro-

6The 0.55% increase in displacement per annum at the ag-
gregate level during this period could account for as much as a
0.44% increase in the demand for college skills (out of an esti-
mated shift in the relative demand of 2.4% per annum—see Ace-
moglu and Autor, 2011). Assuming that # = 30%, this substan-
tial increase in the relative demand for college skills is consistent
with new technologies increasing TFP by as little as 0.16% per
annum between 1987 and 2016.

TThe Appendix provides several robustness checks, using
different measures of the demand for skills and different con-
structions of the displacement and reinstatement effects, and also
present estimates from several regression models. These results
confirm the patterns summarized in the text.
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1987-2016 VERSUS DISPLACEMENT AND REINSTATEMENT.

CHANGE IN RELATIVE DEMAND FOR SKILLS MEASURED AS CHANGE IN THE COLLEGE WAGE BILL RELATIVE TO THE HIGH

SCHOOL WAGE BILL. SEE THE APPENDIX FOR DETAILS AND DERIVATION OF THE ESTIMATES FOR DISPLACEMENT AND REIN-

STATEMENT.

duction). This contrasts with factor-augmenting
technological changes, which are assumed to
raise the productivity of factors in all tasks and
therefore always cause large TFP increases.

We have argued that the canonical model of
the demand for skills can be significantly en-
riched by incorporating this task-level perspec-
tive and technologies that change the allocation
of tasks to factors. We also document that prox-
ies for automation and the introduction of new
tasks are robustly associated with demand for
skills at the industry level. This perspective fur-
ther suggests that a primary reason for the in-
crease in the skill premium (and the decline in
the real wages of less skilled workers) has been
rapid automation that has replaced tasks previ-
ously performed by less skilled workers.
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Online Appendix for “Automation, New Tasks, and Inequality.”
Appendix A. Model, Additional Results, and Proofs

This section of the Appendix provides the derivation of equation (1) and the proofs of generalized
versions of Propositions 1 and 2. We also present additional results on the effects of standardization
and skill upgrading on wages, inequality and productivity.

CHARACTERIZATION OF EQUILIBRIUM

We first provide a full characterization of the equilibrium for the model presented in the main text.

To simplify the notation and without loss of any generality, we assume that when indifferent be-
tween producing with labor or capital, firms produce with capital. Also, when indifferent between
producing with skilled and unskilled labor, firms produce with skilled labor. Cost minimization then
implies that

7ol e wn w q(x) ]
k () wr(®) i) px()
T =1y WH __ WL WH q(x) ]
f Cyn@) T o) ya ) wk @)
_ q(x) wr  qx) WH
R‘x‘wmgwmwwmmgqu'

It also follows that the price of task x is given by

Lo ifx e Tp

Wz%,(f) ]

p(x) — _l//[%(/;) lf.x S TH
X .

;K(x) ifx e Tk

Because the price of the final good is normalized to 1, we have that task prices satisfy the price-

index condition
=4 [ @',
M ],

which can be written in terms of factor prices and the cost of producing capital as follows:

A 1= (wL )de+— ( )_} x+— (q(x) )de
' M wr(x) Tu Wi (x) Tk Wi (x) .

The demand for task x is given by y(x) = ﬁ .Y - p(x)~*. Thus, the demand for unskilled labor
from tasks in 7, satisfies

1 -

ly. 1

L? =/ y(x) dx =/ ﬂdx =Y. wL_}‘ C— yr(x)* " ldx,
7 wL(x) 7 yL(x) M )1

and the demand for skilled labor from tasks in Ty satisfies

1 —A

=Y - plx 1

HY :/ y() dx :/ M- 7 p&) dx =Y w;,;‘ : V/H(x)l_ldx-
Tu WH(X) T WHX) M J1,

Let K = f + 4(x)k(x) denote the total amount of capital used in the economy. The demand for
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capital from tasks in Tk is

d_ Y@ o e -Y-p)h
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1

wk (x) M Tk

(

Wk (x)
q(x)
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A—1
) dx.

Market clearing implies that LY = L, H? = H and K¢ = K. Using the expressions for factor

demands above, we can express equilibrium wages as

1 1
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Substituting these expressions into (A.1) and solving for Y we obtain
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Combining this expression with the market cleaning condition for capital, we can write the equilib-

rium net output as

A—1
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which coincides with the expression for net output in the main text.
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Finally, the capital share in output is given by K /Y. Using the market-clearing condition for capital

we obtain

K_1 (WK(X))}'_1
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and the labor share is given by
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The labor share can be decomposed into the share of unskilled labor in production

1 ( wy )1—/1
s = — dx,
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and the share of skilled labor in production
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where s = s; + sy.
DERIVATION OF EQUATION (1)

A proportional increase in Ay H and Ay L does not alter the allocation of tasks to factors. We can

therefore write: r A H
m(=2)=r (222 9),
Iy AL

where 6 is a vector denoting the state of technology. We can then decompose changes in In (I;—’Z) as
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where d In {_—’Z denotes changes in 'y and I';, due to technology holding % constant.
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From the expression for net output given in the main text it follows that the skill premium is
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Taking a total differential of this equation, we obtain

1 [ oInTy/T AnH r
WHY nlu/te At I

J1 A—=1 Apg 1 H
nf—\»)=- .
wr A 81HAHH/ALL ALL FL

——dln— — —dIn —.
AgH + A nAL A nL
AL

Regrouping terms, we obtain
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which coincides with equation (1) in the main text with o = 1 / (1 - %).

ADDITIONAL RESULTS AND PROOFS

This section of the Appendix provides general statements and proofs for the propositions in the
main text. We first present a lemma that provides sufficient conditions for all tasks that can be
produced by capital to be produced by capital in equilibrium. We then state and prove an additional
lemma that will be used for computing the productivity gains from different types of technology.
Finally, we present five propositions characterizing the effects of different types of technologies on
wages, skill premium and productivity. The first three of those are generalizations of Propositions
1 and 2 in the text. The next two study the implications of skill upgrading (technologies that allow
skilled workers to perform more efficiently/cheaply some of the tasks that were previously allocated
to unskilled labor) and standardization (technologies that simplify tasks and increase the relative
productivity of unskilled labor in tasks reviously performed by skilled workers).

LEMMA A.1: Suppose that yx (x) is bounded away from zero in the set of tasks for which yg (x) >
0 and that yy (x) and y g (x) are bounded above. Then there exists a threshold q such that, if q x) < q
for all tasks, then all tasks for which yk (x) > 0 are produced by capital.
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PROOF:
Consider an allocation in which
w w
72=[x: L A ,yk(x)zo]
wyr(x)  wH(x)
w w
TH=[x: oo L ,VK(X)ZO],
wa(x) ~ yL(x)

Tk ={x: 7k (x) > 0}.

We prove that there exists a g such that, if g(x) < g for all tasks, this allocation is the equilibrium
allocation. This is equivalent to showing that

1
T (NYY LA yi(x) .
w;=T;A; (T) >E-q(x)-yK(x)for]e{L,H}andxeﬁ.

A sufficient condition for this inequality to hold is that

1
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where 7'; is an upper bound for y;(x) and y . is a lower bound for yk (x) in Tk.
As q declines, the left-hand side of this equation (weakly) increases. To see this, note that we can
rewrite the left-hand side as

1

(. (q(x) )H =
wj = ] — —
M Tk WK(X)
1 1 = At
1 / i—1 A i=1 1 -1 7 i=1 ALA
A= w(x)* dx) L7 +(—/ wg(x) T'dx) -H7Z : ,
((M T M 7 L

which increases as ¢ (x) falls.

Instead, as ¢ declines towards zero, the right-hand side of equation (A.2) converges to zero. It
follows that, for some g > 0, the sufficient condition in equation (A.2) holds, as claimed. [J

We now provide an additional lemma that we use repeatedly in the proof of the main propositions.

LEMMA A.2: Consider any improvement in technology increasing TFP by dInT F P > 0. Then
dInTFP =s;dInwy + sgdInwgy.

PROOF:
Because of constant returns to scale and the fact that we have competitive markets,

Y=wr -L+wy-H+K.
Following an improvement in technology, both sides of this equation change by

olnY
olnK

diInK +dInTFP =51 -dlnwy +sg -dlnwyg +sgdIn K,

wheredInTFP =dIn Y|, y x denotes the expansion in output holding inputs constant. The lemma

follows from the fact that in a competitive equilibrium 31121); =sg.

We now turn to general statements of Propositions 1 and 2 and their corresponding proofs.
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PROPOSITION A.1: Suppose that g(x) < q, with q as defined in Lemma A.1. Consider an im-
provement in automation technologies such that the productivity of capital in a small set of tasks in
A C Ty increases to wg (x) > 0. Then:

e the skill premium changes by

“’_H) _ 1yl

(A.3) dln( ;
wr o fTL yf_ldx

e TFP increases by

1-2 1-4
() ™ - ()
/ wi(x) wk (x) dx > 0
A

A4 dInTFPy= —
a4 PEETAE Y 1=

e the labor share declines by

N N 730
&= M/A(qm) “

e wy increases while the effect on wy is ambiguous.

PROOF:
Define the function

/ i ()~ dx
wy /yy(x)<wp/yL(x),yk (x)=0

T(wp/wr;0) =

/ wL (e dx
wy /[y (x)>wL /L (x),yk (x)=0

Because g(x) < q, we have that in equilibrium f(wH/wL; 0) =T(AgH/ALL;0). Thus, the skill
premium satisfies the implicit equation

A1

(A3) PH _ P fwr; 0)F - (A”) A (5)_1.

wr A_L L

The definition of the derived elasticity of substitution implies that a change in In H /L reduces the
skill premium by

8lan/U)L N 1
olnH/L o
Using equation (A.5), we can expand this expression as
alan/wL . 1 alnf all’le/U)L 1 alnwy/wL N )l
oInH/L — Adlnwy/wy élnH/L A dlnH/L | _1_oml

/lﬁlan/wL

Therefore, the function I" satisfies the equation

1
(A.6) /

1
o 11 olnT
ﬂalan/wL
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To obtain the effect of automation on the skill premium, we can take a log differential of (A.5):

= A—1
1 InT 1 d
dln (w_H) - ZLdlnln (w_H) + _M

wy, 8lan/wL wy, ﬂfTL Vf_ldx.
Solving for d Inln (ﬁ—i’) yields
1 A—1 A—1
dInln (w_H) = 1 Jari—dx 1 [qvp dx
- 3 A—1 - A—1 ’
wr, 1— %—alnaulf;];m fTL vy, dx O fTL Y, dx

where the last step follows by substituting ¢ from (A.6).
To derive the expression for the change in TFP, we start by taking a differential of equation (A.1):

_ 1 g(x) \'™ wr )
o_sL-(1—1)-d1nwL+SH'(1—i)'dlanJrM/A[(w(x)) _(WL(X)) "

Note that, because the cost of producing a task with different factors is equated at marginal tasks,
additional changes in the allocation of tasks to factors are second order and do not contribute to this
expression. Hence, we can rewrite this equation as
(2 ))H ~( qo(c)))l-*
v (x vk (x
L K d

Lemma A.2 then implies that the left-hand side of the above equation equals d In T F P 4, as claimed.
Furthermore, because ¢ (x) < g, we have that wy /wy (x) > g(x)/wk (x) for tasks in A, and therefore
the right-hand side of the above equation is positive, as stated in the proposition.
The expression for the decline in the labor share follows from differentiating equation (III).
Finally, the fact that wpy increases follows from the fact that the skill premium increases and
Lemma A.2 implies that s; - dlnwy 4+ sy -dlnwy = dInTFP,4 > 0. The fact that the effect
on wy, is ambiguous follows from the fact that

U)L:Fl):'AL}L (T) .

On the one hand, an improvement in automation reduces I'z (in particular, equation (A.1) implies
Ai_ll"L + A?{_IFH = l,and I'y/I'L = I increases with automation, which implies that I’y
must decrease and I'y must increase). On the other hand, NY increases by dInT FP4/(1 — sk).
Consequently, automation reduces unskilled wages when the productivity gains from this technology
are small, but increases unskilled wages when the productivity gains from automation are large. [

1
SL-dlnu)L—i-SH'dlan:M/
A

PROPOSITION A.2: Suppose that g(x) < q, with q as defined in Lemma A.1. Consider the in-
troduction of a small set of tasks N that expand M such that: i. wy/yg(x) < wr/wr(x), ii.
wy/wu(x) < 1, and iii. yx(x) = 0 for all tasks in N'. These new tasks will be produced by skilled
labor, and:

e the skill premium changes by

wH 1«[‘/\[]}1%1_101)6
dln | — = -1,
afTHyH dx
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e TFP increases by

| 1_(&)1_i
dInTFPy = —/ SERTIOVE Y
M Jn 1-1

e and the labor share increases by

2—1
s — Al (WK(X)) dr.
M? )7 \ q(x)

PROOF:

By assumption, the most cost effective way of producing the new tasks is with skilled labor. Thus,
new tasks expand the set 7Ty and the mass of tasks M increases to M + |N].

To obtain the effect of new tasks on the skill premium, we can take a log differential of (A.5):

~ i—1
1 oIl 1 d
dInln (w_H) -2 i (w—”) + —INLMX.
wy Aolnwy/wy wy, /IITL Yy dx

Solving for d In1n (1100_1;1) L yields

1 A—1 A—1
dlnln(wH)— Z Invidx _ 1 vy dx

w 1_ oIl A=l o =1,
L) V= famuprar dm 74X vy dx

where the last step follows by substituting ¢ from (A.6).
To derive the expression for the change in TFP, we start by taking a differential of equation (A.1):

1-4
) e - W

1
0=sL-(1—xl)-dlnu)L+sH-(1—l)-dlan—l—M/N( i

WH
W (x)

We can rewrite this equation as

1 1_(10_?)1—,1
st -dlnwp +syg -dlnwgy =M/ de.
A

Lemma A.2 then implies that the left-hand side of the above equation equals d In T F Pns. Moreover,
the assumptions made in the proposition ensure that wg /y g (x) < 1 for tasks in A/, and therefore
the right-hand side of the above equation is positive, as stated in the proposition.

The expression for the increase in the labor share follows from differentiating equation (III). [J

PROPOSITION A.3: Suppose that g(x) < q, with q as defined in Lemma A.1. Consider the in-
troduction of a small set of tasks N that expand M such that: i. wp/yr(x) < wy/wy(x), ii.

wr/wr(x) < 1, and iii. yx (x) = 0 for all tasks in N'. These new tasks will be produced by unskilled
labor, and:

o the skill premium falls by

1 v
Jin (w_H) _Lyridx
o fTL vy dx
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e TFP increases by
| | — (w_(L)l—l
dInTF Py = —/ k//L—x)alx > 0;
M Jn 1-1

e and the labor share increases by

Al pr )\
“=w (q(x)) @

PROOF:

The proof is analogous to that of Proposition A.2 and is omitted. []

Propositions 1 and 2 in the main text follow as a corollary from Propositions A.1-A.3. We now
provide two additional propositions characterizing the effect of skill upgrading and standardization.

PROPOSITION A.4: Suppose that q(x) < q, with q as defined in Lemma A.l. Suppose that the
productivity of skilled labor rises in a small set of tasks U C T, in such a way that wy /wg(x) <
wr, [y (x) for all x € U at the new productivity levels. Then:

e the skill premium changes by

dln(wH) L hyridx 1 i
wr, GfTH V;}_ldx o'fTL yL)-—ldx

> 0;

e TFP increases by

1-2 1-1
L (i) - Ges)
dInTFPy = —/ e v dx > 0;
M/, )

o the labor share remains unchanged;

e wy increases while the effect on wy is ambiguous.

PROOF:

To obtain the effect of skill upgrading on the skill premium, we can take a log differential of (A.5),
which yields

» (wH) _omb (wH)+1fuyﬁ}‘ldx 1 fyyvf dx
n =—————dIn|— - - .
wy) " Zomwujwr” Nwg ) TGy ax T G [y dx

Solving for d In ( ) yields

1 A—1 A—1

dln(wH) _ 7 (quH dx n Juri dx)

1 oIl 1 A-—1
WL - Zalnw];g/wL fTH dx fTL "L dx

1 Jy yi ldx 1 Jy ypldx
UfTH yl’;_ldx UfTL yf_ldx

where the second equation follows by substituting ¢ from (A.6), and the overall expression is positive
because both terms are positive.

> 0,
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To derive the expression for the change in TFP, we start by taking a differential of equation (A.1):

1 wy \'" we '
0=sL-(1—A)-d1nwL+SH'(1—1)'0”““)H+M/u[(w(x)) _(WL(X)) }dx'

We can rewrite this equation as

1—2 1-2
wr _ Wy
(l//L(X)) (WH(X))

dx.
1=, o

1
sL-dlnwL—i-sH-dlan:M/
u

Lemma A.2 then implies that the left-hand side of the above equation equals d In T F P;. Also, note
that because wy/wp(x) < wr/yy(x) for all tasks in ¢/, we have that the right-hand side of the
above equation is positive, as stated in the Proposition.

The fact that the labor share remains unchanged follows from equation (III).

Finally, the fact that wpy increases follows from the fact that the skill premium increases and
Lemma A.2 implies that s; - dInwy 4+ sy -dlnwyg = dInTF P,y > 0. The fact that the effect
on wy, is ambiguous follows from the fact that

L (MY
U)LIFL“'AL T .

On the one hand, skill upgrading reduces I'z. On the other hand, NY increases by d InT F Py /(1 —
sx). Consequently, skill upgrading reduces unskilled wages when the productivity gains from this
technology are small, but increases unskilled wages when the productivity gains are large. [J

One interesting implication of this proposition is that skill upgrading, though it increases inequality
between skilled and unskilled labor, leaves the labor share unchanged. This highlights that recent
developments in the US labor market, which involves both greater inequality between skilled and
unskilled labor and lower labor share (at least in manufacturing, see Acemoglu and Restrepo, 2019),
cannot just be explained by skill upgrading and likely involve some reallocation of tasks previously
performed by workers to capital.

Finally, we turn to the implications of standardization.

PROPOSITION A.5: Suppose that q(x) < q, with q as defined in Lemma A.l. Suppose that the
productivity of unskilled labor rises in a small set of tasks S C Ty in such a way that wr /[y (x) <
wg/yg(x) forall x € S at the new productivity levels. Then:

o the skill premium falls by

dln (w_H) __Ufsvitdx 1 Jsyix
wy, UfTH y;_‘[_]dx UfTL yLl_]dx’

o TFP increases by

1-4 1-1
A ) B )
dlnTFPg:—/ il v dx > 0;
M/, 1=

e the labor share remains unchanged;

e wy increases while the effect on wy is ambiguous.

PROOF:
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To obtain the effect of automation on the skill premium, we can take a log differential of (A.5):

I (wH) 1 oIl i (u)H) 1 fsritdx 1 [gy;"ax
nfl—)=——dIn{ — ) — - -y :
wy, ialan/wL wr, lfTH Vé_ld-x j'f’]’L y[};_ldx

Solving for d In (w—H) yields

1 i1 i1 -1 i1
Jln (wH) 1 (fsVH dx + fsVL dx)=_1 Js7h dx+1 Jsvidx

wr, ]—1_oml Iz, ldx fTL ~ldx o [ yé_ldx o [ yil_ldx,

Zolnwy/wr
where the last step follows by substituting ¢ from (A.6).
To derive the expression for the change in TFP, we start by taking a differential of equation (A.1):

_ 1 wr, 1= WH =
O=s.-(1—=4)-dlnwg +s5 - (1 _l)'dlanJrﬁ/s |:(l//L(x)) - (‘//H(x)) }dx'

We can rewrite this equation as

1-1 1-1
wy wyr
() "~ ()~

1-21

1
sL-dlnwL+sH-dlan=M/ X.
S

Lemma A.2 then implies that the left-hand side of the above equation equals d In T F Ps. Also, note
that because wy/yr(x) < wy/wy(x) for all tasks in S, we have that the right-hand side of the
above equation is positive, as stated in the Proposition.

The fact that the labor change remains unchanged follows from equation (III).

Finally, the fact that w; increases follows from the fact that the skill premium decreases and
Lemma A.2 implies that s; - dInwy + sy - dInwy = dInTFPs. The fact that the effect on
wp is ambiguous follows from the fact that

1 =L (NY
wy =T Ay T

Following a standardization of tasks, I'y decreases. On the other hand, NY increases by
dinTFPs/(1 —sg). O

Appendix B. Productivity Calculations

This section provides the details behind the productivity calculations provided in the introduction
and in footnote 2. Throughout, we approximate changes over time using first-order expansions.

PRODUCTIVITY IMPLICATIONS OF SKILL-BIASED TECHNOLOGICAL CHANGE IN THE CANONICAL
MODEL

We provide two complementary exercises to illustrate the implications for productivity of the
canonical model. First, we use the estimates for the growth rate in Ay /A from Katz and Mur-
phy (1992) and Acemoglu and Autor (2011) and compute the productivity gains that would result
from such changes. We then estimate the growth in Ay that one would need to explain the observed
shift in the relative demand for college workers, and also compute how real wages would respond to
such changes.
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Regarding the fist exercise, the resulting productivity gains from improvements in factor-
augmenting technologies are approximately

AInTFPsprc =sgAInAg +spAlnAp.
If there is no technological regress, then A ln Ay > 0, and thus

(A.7) AInTF Psprc ESHAIHAH/AL.

Katz and Murphy (1992) estimate ¢ = 1.41 and a yearly growth rate for In Ay /Ar of 11.34%
during the 1963-1987 period. In addition, sy = 17% at the beginning of their sample (skilled
workers accounted for 25% of wages, and the labor share was roughly of 2/3, which gives sy =
25% - 2/3 = 17%). Using equation (A.7), their estimates imply a yearly increase in TFP of at least
1.9% per annum. If we used the average value of sy between 19663 and 1987, we obtain an increase
in TFP of at least 2.76% per annum.

Acemoglu and Autor (2011) estimate ¢ = 1.63 and a yearly growth rate for In Ay /A of 7.22%
during the 1963-1992 period and of 4.64% during the 1992-2008 period. In addition, sy = 17% at
the beginning of their sample, sy = 32% around 1992 and sy = 38% around 2008. Using equation
(A.7), their estimates imply an annual increase in TFP of at least 1.2% per annum for 1963-1992
(1.76% if we use the midpoint of sy during this period). Finally, their estimates imply a yearly
increase in TFP of at least 1.48% per annum for 1992-2008 (1.62% if we use the midpoint of sy
during this period).

Table A.1 provides the estimates and calculations for different time periods. For comparison,
Fernald’s (2012) estimates of TFP are provided in the last column of the table. In particular, these
estimates imply a 1.2% per annum increase in TFP for 1963-1987; 1.1% per annum for 1963-1992;
and 1% per annum for 1992-2008, which are much smaller than the lower bounds implied by the
canonical model.

TABLE A.1—PRODUCTIVITY IMPLICATIONS OF THE CANONICAL MODEL

. Share of college  Share of college TFP gr(?wt!l TFP growth Observed TFP
. Growth rate of . . using beginning . R
Period o An/A labor in GDP labor in GDP of period using midpoint growth
H/AL " X : stima ;
(start of period) (end of period) estimate for sy estimate for sy (Fernald, 2012)
Katz and 63-87 1.41 11.3% 16.7% 32.0% 1.89% 2.76% 1.18%
Murphy
j:ﬁf:r“’gl“ and 63-92 1.63 7.2% 16.7% 32.0% 1.20% 1.76% 1.11%
Acemoglu and 92-08 1.63 4.6% 32.0% 37.8% 1.48% 1.62% 0.98%

Autor

Turning to the second exercise, note that the total shift in the relative demand for college workers
is given by

1 H
Aln (w—H> + AT
wj, o L

Using the numbers from Acemoglu and Autor (2011), it follows that the relative demand for college
workers increased by 3.3% per annum from 1963 to 1992 (1.3% from wages and 2% from the 90%
increase in the relative supply of skills during this period), and then by 2.4% per annum from 1992
to 2008.

Equation (A.7) implies that, if shifts in the relative demand for college workers were driven by
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factor augmenting technologies, then:

AlnTFPSBTC o
B —— N . .
Alnwyg/wr " oc—1

The estimates from Katz and Murphy in Table A.1 then imply that, if the only source of technological
change were improvements in Ay, a 1% increase in the relative demand for college workers would
be associated with an increase in TFP of 0.83% for 1963-1987 (using the midpoint estimate for
sg). Likewise, The estimates from Acemoglu and Autor in Table A.1 imply that a 1% increase
in the relative demand for college workers would be associated with an increase in TFP of 0.63%
for 1963-1992 and 0.9% for 1992-2008 (using the midpoint estimate for sz ). Thus, the changes
in Ay required to explain the total shift in the relative demand for college workers would generate
productivity increases of at least 2% per annum for 1963-1992 (= 0.63 x 3.3) and 2.16% per annum
for 1992-2008 (= 0.9 x 2.4).
Moreover, the implied change in unskilled wages can be written as

Wy 1 WH
AlnwL:AlnTFPSBTc—sHAln — )| =SH Aln{ —
wr, c—1 wr,

Thus, if all changes in inequality were driven by factor-augmenting technologies we would expect
an increase in unskilled wages of at least 1.2% per annum for 1963-1992 and of 1.3% per annum
for 1992-2008. In contrast, as noted in the text, real wages for unskilled workers have declined over
these time periods.

PRODUCTIVITY IMPLICATIONS OF AUTOMATION

To illustrate the differences between the task framework and the canonical model, we now estimate
the amount of automation that one would need to explain the observed shift in the relative demand
for college workers, and also compute how real wages would respond to such technological changes.

Suppose instead that technological changes are driven by automation. Then, the increases in TFP
would be given by equation (A.4). Using a first-order Taylor expansion, these productivity gains can
be approximated as

N wr, 1-4 wip, Q(x)
antrreas [ (wL(x)) | (1“ (mx)) " (wdx))) -

This expression shows that the productivity gains from automating a task are given by its initial share
in value added (the term (w7 /w1 (x))' ™), and the percent reduction in the unit cost of producing the
task (the term In (wr /yr(x)) — In(g(x)/wk (x))). We can also express the productivity gains from
automation as

wp \1
(A.8) dInTFPy~ 1 / ( ) dx,
A\yL(x)

where 7 > 0 is the (weighted) average reduction in the cost of producing tasks due to automation

1-2
and [ A (%) dx gives the share of automated tasks in value added.

Using equations (A.3) and (A.8), it follows that if shifts in the relative demand for college workers
were driven by automation, then:

AInTFPy4

————— =0 -S| *T.
Alnu)H/wL

This equation shows that automation technologies that generate modest reductions in costs (in the
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extreme, 7 — () can generate sizable changes in inequality accompanied by modest increases in
TFP.

In particular, suppose # = 30%, which is in line with estimates for industrial automation surveyed
in Acemoglu and Restrepo (2020a). Using a value for ¢ of 1.63 and a midpoint estimate for s7,, we
obtain that, if the only source of technological change were automation, a 1% increase in the relative
demand for college workers would be associated with an increase in TFP of 0.21% for 1963-1992
and 0.14% for 1992-2008. Using a value for o of 1.41 (as in Katz and Murphy, 1992) and a midpoint
estimate for s7,, we obtain that a 1% increase in the relative demand for college workers would be
associated with an increase in TFP of 0.18% for 1963-1987.

Thus, the changes in automation technology required to explain the total shift in the relative
demand for skill labor would generate productivity increases of as little as 0.6% per annum for
1963-1987 (using Katz and Murphy’s estimates of 0.18 x 3.3); 0.7% per annum for 1963-1992
(= 0.21 x 3.3); and 0.34% per annum for 1992-2008 (= 0.14 x 2.4).

Moreover, automation technologies would change unskilled wages by

Alnwy =A1nTFPA—sHA1n(w—H) —(o-5.-7 —sH)-Aln(w—H)
wr, wr,

Thus, if all changes in inequality were driven by automation, we would expect a reduction of unskilled
wages by 0.1% per annum for 1963-1992 and of 0.34% per annum for 1992-2008.

Appendix C. Data Description and Additional Empirical Exercises
This part of the Appendix describes the data and provides additional empirical exercises.
SET OF INDUSTRIES USED IN THE ANALYSIS

We use a set of 44 industries that we could track across different sources, including the Census, the
BEA industry accounts, and NIPA. The crosswalks used are part of the replication package for this
paper (see http://economics.mit.edu/faculty/acemoglu/data). Our sample excludes industries that are
heavily dependent on commodity prices, including oil and gas, mining, agriculture, and petroleum
derivatives.

MEASURES OF DEMAND FOR SKILLS

Using the US Census and the American Community Survey (ACS), we compiled data on the col-
lege and high school wage bill and hours of work by industry for 1950, 1990, and 2016. We follow
Acemoglu and Autor (2011) and define college workers as those with a college degree and half of
those with some college. We then define high school workers as those with a high school degree or
less and half of the workers with some college.

For the 44 industries in our sample, we study two separate periods. First, for the period from 1987-
2016 we use the 1990 Census and 2016 ACS to construct measures of changes in the relative demand
for skills across industries during this period. Second, for the period from 1947-1987, we use the
1950 and 1990 Censuses to construct measures of changes in the relative demand for skills across
industries during this period.

MEASURES OF DISPLACEMENT AND REINSTATEMENT

The construction of these measures follows Acemoglu and Restrepo (2019). First, suppose that
the model in the main text describes the production process of an industry, i. The labor share in that
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industry is given by

1-4 1-2
w w
B Jr () dx+ J, (Gty) da
= s 177 o V1= o\
fTL (l//L x)) dx + fTH (V/H(x)) dx + fTK ('//K(X)) dx

We can decompose changes in the labor share in two components. On the one hand, we have changes
driven by factor prices and by technologies that do not change the allocation of tasks between capital
and labor (including improvements in factor-augmenting technologies). On the other hand, we have
the effect of technologies, like automation and new tasks, which directly change the allocation of
tasks between capital and labor. As in Acemoglu and Restrepo (2019) we refer to these as changes in
the task content of production. Specifically, we decompose changes in the labor share of an industry
as follows (suppressing industry indices to simplify notation):

(A9) dIns = dtaskcontent+ (1 — 1) - (1 —s) - (dInw —dInr + g),

where dInw = (sp /(s +sy))-dInwp + (sg /(s +51))-d Inwy denotes the change in the average

q(x)
yk (x)
rental rate of capital used in the industry, and

e= |/ ( oL )l_idlnw(x)dH/ ( v )l_idlnwmdx
sp+sg \J1 \wr(x) T \WH(x)

1-2
L ( q(x) ) dlnyg (x)dx
sk J1i \wk (%)

1-2
wage paid in the industry, d Inr = i fTK ( ) d In g (x)dx denotes the change in the average

denotes the increase in the productivity of labor relative to capital in the tasks that are currently
allocated to labor. Note that g also incorporates the effect of changes in Ay, Ay and Ak through the
w terms. Because g(x) < ¢, these improvements in factor-augmenting technologies do not alter the
allocation of tasks between capital and labor and for the same reason A coincides with the elasticity
of substitution between capital and labor.

Building on equation (A.9), for each of the 44 industries in our sample, we compute its yearly
changes in the task content of production as

Atask contentj; = Alns;; — (1 —og) - (1 — i) - (Alnw;; — Alnriy — giy) .

We measure s;; using the industry payroll share, which we obtained from the BEA industry accounts
(in some of our robustness checks, we also used a measure from the BEA and BLS KLEMS that
adjusts the payroll share by imputing self-employment). In addition, o denotes the elasticity of
substitution between capital and labor, which we set to 0.8 following Oberfield and Raval (2014).
We obtained the industry-specific wage and capital rental rate indices, w;; and r;;, from the BLS
KLEMS accounts for 1987-2016. For the earlier period, we constructed these indices using data on
the quantity of labor and capital used in each industry from NIPA. Finally, we follow Acemoglu and
Restrepo (2019) and set g;;—improvements in labor productivity relative to capital productivity—to
2% per annum for 1947-1987 and 1.46% per annum for 1987-2016.

Increases in the (labor) task content of an industry are indicative of the reinstatement effect brought
by new tasks; whereas reductions in the (labor) task content are indicative of the displacement effect
brought by automation. To separate these two effects, we assume that over a five-year period, each
industry either introduces new automation technologies or new tasks but not both. This assumption
implies that we can compute the extent of displacement and reinstatement in a given year and industry
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FIGURE A.l. MEASURES OF DISPLACEMENT AND REINSTATEMENT, 1947-1987 AND 1987-2016.
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(If there are new automation technologies and new tasks within five-year periods in our data, then our
estimates will be lower bounds on the extent of displacement and reinstatement).

Finally, in our regressions we use the cumulative extent of displacement and reinstatement during
our period of analysis. These measures are given in percent changes over the entire period, so that a
0.1 displacement corresponds to a 10% decline in the labor share that is unexplained by changes in
factor prices.

Figure A.1 shows the total displacement and reinstatement in each industry for 1947-1987 and
1987-2016. For 1947-1987, the average reinstatement across industries was of 19.6% (0.49% per
annum) and the average displacement was of 17% (0.425% per annum). For 1987-2016, the average
reinstatement was of 10% (0.345% per annum) and the average displacement was of 16% (0.55% per
annum).

REGRESSION RESULTS

Tables A.2, A.3 and A.4 provide various estimates of equation (2).

Table A.2 provides our main estimates. Panels A-C provide estimates for 1947-1987 and Panels
D-F provide estimates for 1987-2016. In Panels A and D we use the wage bill of college workers
relative to high school workers as our measure for the demand for skills in an industry. In Panels B
and E we use the hours worked by college workers relative to high school workers as our measure for
the demand for skills in an industry. In Panels C and F we use the number of college workers relative
to high school workers as our measure for the demand for skills in an industry. Columns 1-3 present
estimates of (2) for all workers, and columns 4-7 present estimates separately for men, women, and



A-16 PAPERS AND PROCEEDINGS MONTH YEAR

workers in different age groups.

Tables A.3 and A.4 provide estimates using alternative measures of changes in the task content of
industries and the resulting measures of displacement and reinstatement. For this exercise, we use
relative wage bill (columns 1-3) and relative hours (columns 4-6) as our measures of skill demand.
Table A.3 focuses on the 1947-1987 period. Panel A provides results obtained by setting g7, = 1 in
our computation of the displacement and reinstatement effects. Panel B reverts to og; = 0.8 but we
now use a 10-year moving average, rather than a 5-year moving average in our calculation of the dis-
placement and reinstatement effects. Finally, in Panel C we implement both changes simultaneously.

Table A.4 focuses on the 1987-2016 period. Panel A provides results obtained by setting oxy; = 1
in our computation of the displacement and reinstatement effects. Panel B reverts to og; = 0.8 but
we now use a 10-year moving average, rather than a five-year moving average in our calculation of
the displacement and reinstatement effects. In Panel C we implement both changes simultaneously.
In Panel D-F we repeat these exercises but now we use data from the BEA KLEMS accounts for
1987-2016. These data provide the labor share for each industry inclusive of self employment.

Overall, the results in Tables A.2, A.3 and A.4 confirm our summary in the text. Automation is
associated with significant declines in the demand for skills in both periods, regardless of the speci-
fication or measure we use (and for different subgroups such as men, women and younger workers).
Reinstatement between 1947 and 1987 is associated with lower demand for skills, whereas between
1987 and 2016, it is associated with higher demand for skills. This pattern is robust as well. One
additional finding is worth noting: even between 1947 and 1987, reinstatement does not appear to
increase the demand for unskilled men by much, likely reflecting the fact that less skilled women
may have been the ones with comparative advantage in new tasks introduced during this period.

Additional References

Fernald, J.G. (2012) “A Quarterly, Utilization-Adjusted Series on Total Factor Productivity.”
FRBSF Working Paper 2012-19 (data accessed on 12/25/2019).

Oberfield, E. and Raval, D. (2014) “Micro Data and Macro Technology,” MIMEOQO, Princeton
University.
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TABLE A.2—CHANGES IN TASK CONTENT AND RELATIVE DEMAND FOR SKILLED LABOR, 1947-1987 AND 1987-2016.

All employees Men Women Ages 25-34 Ages 35-64
(&) 2 3 (€] 5 (6) (@)
Panel A. College wage bill relative to high school wage bill—1947-1987
Automation 0.504 0.470 0.108 0.384 0.764 0.293
(0.193) (0.184) (0.352) (0.423) (0.225) (0.273)
Reinstatement -0.585 -0.546 0.023 -0.639 -0.594 -0.544
(0.306) (0.278) (0.482) (0.501) (0.430) (0.261)
Observations 44 44 44 44 44 44 44
R-squared 0.06 0.06 0.12 0.00 0.05 0.08 0.07
Panel B. College hours relative to high school hours—1947-1987
Automation 0.686 0.644 0.315 0.458 0.738 0.608
(0.219) (0.165) (0.301) (0.401) (0.252) (0.194)
Reinstatement -0.723 -0.670 -0.361 -0.630 -0.707 -0.633
(0.343) (0.304) (0.431) (0.434) (0.463) (0.234)
Observations 44 44 44 44 44 44 44
R-squared 0.09 0.08 0.16 0.04 0.07 0.11 0.15
Panel C. College employees relative to high school employees—1947-1987
Automation 0.873 0.834 0.587 0.536 0.941 0.769
(0.204) (0.158) (0.323) (0.337) (0.224) (0.206)
Reinstatement -0.697 -0.629 -0.368 -0.575 -0.596 -0.644
(0.352) (0.292) (0.363) (0.415) (0.422) (0.256)
Observations 44 44 44 44 44 44 44
R-squared 0.15 0.07 0.21 0.09 0.07 0.15 0.17
Panel D. College wage bill relative to high school wage bill—1987-2016
Automation 0.800 0.764 1.053 1.061 0.353 0.947
(0.152) (0.159) (0.288) (0.247) (0.209) (0.186)
Reinstatement 0.707 0.483 0.299 0.299 0.850 0.390
(0.348) (0.340) (0.401) (0.506) (0.391) (0.384)
Observations 44 44 44 44 44 44 44
R-squared 0.31 0.06 0.34 0.34 0.40 0.16 0.37
Panel E. College hours relative to high school hours—1987-2016
Automation 0.558 0.520 0.754 0.778 0.185 0.697
(0.137) (0.141) (0.220) (0.227) (0.179) (0.169)
Reinstatement 0.658 0.506 0.196 0.404 0.768 0.431
(0.310) (0.317) (0.329) (0.431) (0.349) (0.371)
Observations 44 44 44 44 44 44 44
R-squared 0.19 0.07 0.22 0.29 0.33 0.12 0.25
Panel F. College employees relative to high school employees—1987-2016
Automation 0.546 0.514 0.696 0.793 0.257 0.657
(0.134) (0.135) (0.195) (0.214) (0.154) (0.166)
Reinstatement 0.582 0.431 0.100 0.345 0.540 0.450
(0.326) (0.325) (0.335) (0.409) (0.323) (0.376)
Observations 44 44 44 44 44 44 44
R-squared 0.19 0.05 0.22 0.29 0.34 0.11 0.24

Notes: the table provides regression estimates of changes in the relative demand for college workers relative to high school workers
across industries on measures of displacement and reinstatement. The Appendix provides a description of the construction of these
explanatory variables. Panels A-C provide estimates for 1947-1987. Panels D-F provide estimates for 1987-2016. Each panel uses a
different measure of changes in the relative demand for skills across industries. Panels A and D use the change in the log of the college
wage bill relative to the high school wage bill in each industry as outcome. Panels B and E use the change in the log of college hours
relative to high school hours in each industry as outcome. Panels C and F use the change in the log of the number of college employees
relative to high school employees in each industry as outcome. In columns 1-3, the measures of changes in relative skill demand are
computed for all employed in an industry; in column 4 only for men; in column 5 only for women; in column 6 for employees aged
25-34 years; and in column 7 for employees aged 35-64 years. Standard errors robust against heteroskedasticity are in parentheses.
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TABLE A.3—ROBUSTNESS TO MEASURES OF TASK CONTENT, 1947-1987
College wage bill relative to highschool wage bill College hours relative to highschool hours
1 (2) (3) €] (5) (6)
Panel A. BEA data with o = 1 and 5-year moving averages
Automation 0.447 0.446 0.647 0.646
(0.207) (0.161) (0.249) (0.165)
Reinstatement -0.484 -0.483 -0.580 -0.578
(0.226) (0.205) (0.256) (0.228)
Observations 44 44 44 44 44 44
R-squared 0.06 0.07 0.13 0.10 0.08 0.18
Panel B. BEA data with o = 0.8 and 10-year moving averages
Automation 0.536 0.410 0.774 0.624
(0.224) (0.219) (0.220) (0.183)
Reinstatement -0.660 -0.595 -0.806 -0.708
(0.265) (0.262) (0.303) (0.294)
Observations 44 44 44 44 44 44
R-squared 0.04 0.09 0.11 0.07 0.11 0.16
Panel C. BEA data with ok, = 1 and 10-year moving averages
Automation 0.488 0.352 0.759 0.601
(0.235) (0.204) (0.245) (0.190)
Reinstatement -0.577 -0.529 -0.698 -0.618
(0.203) (0.200) (0.230) (0.224)
Observations 44 44 44 44 44 44
R-squared 0.04 0.10 0.12 0.08 0.12 0.17

Notes: the table provides regression estimates of changes from 1947 to 1987 in the relative demand for college workers relative to
high school workers across industries on measures of displacement and reinstatement. The Appendix provides a description of the
construction of these explanatory variables. Columns 1-3 use the change in the log of the college wage bill relative to the high school
wage bill in each industry as outcome. Columns 4-6 use the change in the log of college hours relative to high school hours in
each industry as outcome. Each panel presents results for a different construction of the displacement and reinstatement measures, as

explained in the Appendix. Standard errors robust against heteroskedasticity are in parentheses.
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TABLE A.4—ROBUSTNESS TO MEASURES OF TASK CONTENT, 1987-2016

College wage bill relative to highschool wage bill College hours relative to highschool hours
)] 2 (3) @ (5) (6)
Panel A. BEA data with o, = 1 and 5-year moving averages
Automation 0.620 0.535 0.412 0.335
(0.138) (0.154) (0.120) (0.136)
Reinstatement 0.931 0.606 0.755 0.551
(0.333) (0.350) (0.301) (0.329)
Observations 44 44 44 44 44 44
R-squared 0.23 0.12 0.27 0.12 0.10 0.17
Panel B. BEA data with ok = 0.8 and 10-year moving averages
Automation 0.773 0.928 0.500 0.645
(0.153) (0.210) (0.131) (0.188)
Reinstatement 0.122 0.873 0.296 0.818
(0.516) (0.522) (0.424) (0.466)
Observations 44 44 44 44 44 44
R-squared 0.22 0.00 0.27 0.11 0.01 0.17
Panel C. BEA data with o, = 1 and 10-year moving averages
Automation 0.630 0.807 0.385 0.537
(0.149) (0.195) (0.130) (0.169)
Reinstatement 0.593 1.195 0.627 1.028
(0.557) (0.563) (0.486) (0.512)
Observations 44 44 44 44 44 44
R-squared 0.16 0.03 0.27 0.07 0.04 0.17
Panel D. KLEMS data with ok ;, = 0.8 and 5-year moving averages
Automation 0.520 0.550 0.366 0.379
(0.143) (0.140) 0.117) (0.118)
Reinstatement 0.024 0.321 -0.072 0.132
(0.368) (0.333) (0.355) (0.344)
Observations 44 44 44 44 44 44
R-squared 0.24 0.00 0.26 0.15 0.00 0.15
Panel E. KLEMS data with ok = 1 and 5-year moving averages
Automation 0.521 0.404 0.331 0.251
(0.167) (0.199) (0.142) (0.182)
Reinstatement 0.957 0.666 0.632 0.451
(0.351) (0.382) (0.299) (0.362)
Observations 44 44 44 44 44 44
R-squared 0.14 0.11 0.19 0.07 0.06 0.10
Panel F. KLEMS data with ok, = 1 and 10-year moving averages
Automation 0.444 0.558 0.243 0.322
(0.200) (0.199) (0.170) (0.165)
Reinstatement 1.196 1.535 0.865 1.060
(0.716) (0.719) (0.670) (0.673)
Observations 44 44 44 44 44 44
R-squared 0.08 0.07 0.18 0.03 0.04 0.09

Notes: the table provides regression estimates of changes from 1987 to 2016 in the relative demand for college workers relative to
high school workers across industries on measures of displacement and reinstatement. The Appendix provides a description of the
construction of these explanatory variables. Columns 1-3 use the change in the log of the college wage bill relative to the high school
wage bill in each industry as outcome. Columns 4-6 use the change in the log of college hours relative to high school hours in
each industry as outcome. Each panel presents results for a different construction of the displacement and reinstatement measures, as
explained in the Appendix. Standard errors robust against heteroskedasticity are in parentheses.



