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Where we are

• Canonical model suggests skill-biased demand shifts

◦ Rising skill premium despite rising skill supplies

• But where do they come from?

◦ Changes in product demand?
◦ Changes in production technology?

• Today: evidence of skill-biased technical change (SBTC)

• SBTC is at the heart of many ongoing debates

◦ Global rise in income inequality
◦ Productivity renaissance/slowdown
◦ Mass technological unemployment
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Today’s class

• Berman, Bound, and Griliches (1994)

◦ Skill-upgrading within manufacturing
◦ Between-sector vs. within-sector
◦ Indirect evidence of SBTC

• Akerman, Gaardner, and Mogstad (2015)

◦ Labor market impacts of broadband rollout
◦ Credible identification, terrific data
◦ Direct evidence of SBTC
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Berman, Bound, and Griliches (1994): data

• Data from the Annual Survey of Manufactures (ASM)

◦ Plant-level survey drawn from Census of Manufactures
◦ Aggregated to the 4-digit industry level (450 industries)
◦ Inputs (labor, capital, materials) and output (sales, value added)

• Today called “NBER-CES Manufacturing Industry Database”

◦ Public-use and easy to use: http://www.nber.org/nberces/

• Two occupational categories:

◦ Production: “fabricating, processing, assembling, inspecting”
◦ Non-production: “supervision . . . , installation and servicing of own

product, sales, delivery, professional, technological, administrative”

• For each category, observe employment and wage bill
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Rising non-production share of manufacturing employment
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FIGURE I 
Nonproduction Workers' Share in Total Employment 

is in nonoperating plants (central offices and other auxiliary 
establishments) in which all employment is considered as 
nonproduction.2 

Figure I plots nonproduction employment as a fraction of total 
employment in manufacturing. The top line represents the fraction 
of all nonproduction employment in employment, while the bottom 
line represents the fraction of nonproduction employment in 
operating establishments. This graph has three striking features. 
First, the fraction of employment that is nonproduction is counter- 
cyclical, since production employment is more cyclically sensitive 
than nonproduction employment. Second, abstracting from cycles, 
the fraction of nonproduction employment shows a clear upward 

2. In recent years there has been an increase in the use of temporary employees 
provided by temporary service firms. Such workers are not included as part of the 
employment totals in the ASM. Thus, the apparent decrease in the employment of 
production workers in manufacturing might, to some extent, reflect the replace- 
ment of regular employees with temporary employees from temporary service firms 
[Uchitelle 1993]. A simple calculation based on information from the National 
Association of Temporary Services (NATS) reveals that increased use of temporary 
workers in manufacturing probably accounts for less than 5.2 percent of the 
increase in the share of nonproduction workers in total employment during the 
1979-1987 period. Between 1979 and 1987 employment in the temporary help 
industry (SIC 7363) grew from 436.4 to 948.4 thousand [Steinberg 1993]. Data from 
NATS show that, as of 1992, roughly 22 percent of all temporary service workers 
were employed as production workers in manufacturing. These numbers imply that 
temporary workers as a share of production worker employment rose from about 
0.66 percent in 1979 to 1.77 percent in 1987-a rise that was too small to account 
for more than a trivial fraction of the observed shift away from production labor. 

This content downloaded  on Tue, 8 Jan 2013 14:26:42 PM
All use subject to JSTOR Terms and Conditions

(Berman et al., 1994, Figure 1)
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Skill-upgrading?

• Is the non-production share a valid measure of skill?

◦ Subjective assessment of the tasks performed
◦ Non-production wages > production wages
◦ Non-production share in ASM ≈ white-collar share in CPS

• Unlike education, directly manipulable by employers

◦ Workers choose how much education to acquire . . .
◦ . . . but employers decide which tasks to assign to workers

• Non-production share likely understates demand shift

◦ Rising employment share despite rising relative cost
◦ Skill-upgrading may also occur within each category

• More inclusive measure: non-production share of wage bill

5



Non-production share tracks white-collar share
TABLE I 

OCCUPATIONAL DISTRIBUTIONS WITHIN MANUFACTURING BY YEAR 

1973 1979 1987 

Total nonproduction 28.3% 30.9% 35.4% 
Percent in central offices 17.3% 19.7% 18.4% 

White-collar 28.6% 31.9% 37.2% 
Manager 27.0 27.0 29.4 
Professional 18.8 19.9 21.5 
Technician 8.7 9.0 9.0 
Sales worker 7.3 7.5 8.8 
Clerical worker 38.1 36.6 31.4 
Subtotal 100.0 100.0 100.0 

Blue-collar 71.4% 68.1% 62.8% 
Craft 24.4 25.7 30.3 
Operative 62.3 61.6 57.6 
Laborer 9.8 9.5 9.0 
Service worker 3.0 2.8 2.6 
Agricultural labor 0.5 0.5 0.6 
Subtotal 100.0 100.0 100.0 

Source. Annual Survey of Manufacturing and CPS, May 1973, Outgoing Rotations, 1979 and 1987. 

(Berman et al., 1994, Table 1)
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Skill-upgrading occurs within each “collar” too
TABLE I 

OCCUPATIONAL DISTRIBUTIONS WITHIN MANUFACTURING BY YEAR 

1973 1979 1987 

Total nonproduction 28.3% 30.9% 35.4% 
Percent in central offices 17.3% 19.7% 18.4% 

White-collar 28.6% 31.9% 37.2% 
Manager 27.0 27.0 29.4 
Professional 18.8 19.9 21.5 
Technician 8.7 9.0 9.0 
Sales worker 7.3 7.5 8.8 
Clerical worker 38.1 36.6 31.4 
Subtotal 100.0 100.0 100.0 

Blue-collar 71.4% 68.1% 62.8% 
Craft 24.4 25.7 30.3 
Operative 62.3 61.6 57.6 
Laborer 9.8 9.5 9.0 
Service worker 3.0 2.8 2.6 
Agricultural labor 0.5 0.5 0.6 
Subtotal 100.0 100.0 100.0 

Source. Annual Survey of Manufacturing and CPS, May 1973, Outgoing Rotations, 1979 and 1987. 

(Berman et al., 1994, Table 1)
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Non-production share of wage bill rises just as much372 QUARTERLY JOURNAL OF ECONOMICS 
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FIGURE II 
Nonproduction Workers' Share in the Wage Bill 

an educational classification of high school/college. Our tabula- 
tions based on CPS data show that, as of 1987 in manufacturing, 
only 17 percent of blue-collar workers had more than a high-school 
education, as opposed to 35 percent of clerical workers, 70 percent 
of sales workers, and 78 percent of managers and professionals. 

The remaining lines of Table I show that occupational upgrad- 
ing also occurred within both white- and blue-collar occupations. 
(Census classifications [U. S. Bureau of the Census 1989a] are used 
to construct consistent occupational groupings.) Between 1973 and 
1987 the fraction of white-collar workers in clerical jobs dropped by 
18 percent, while the fraction in managerial or professional jobs 
rose by 11 percent. Similarly, the fraction of blue-collar workers 
working as operatives dropped by over 5 percent, while the fraction 
working in the more skilled crafts jobs rose by over 20 percent. 

In order to establish how much of skill upgrading is repre- 
sented by the shift from blue- to white-collar occupations, we 
constructed skill indexes based on the occupational distribution of 
the workforce within manufacturing. To calculate these indexes, 
we regressed the log of hourly earnings on occupational category 
(as in Table I) indicators. Regressions were run separately for 
1973, 1979, and 1987, and coefficients were then averaged. These 
regression coefficients were then applied to the 1973-1979 and 
1979-1987 changes in the share of workers in each occupational 
group. The results are reported in the first two columns of Table II. 

This content downloaded  on Tue, 8 Jan 2013 14:26:42 PM
All use subject to JSTOR Terms and Conditions

(Berman et al., 1994, Figure 2)

8



Three candidate explanations

1. Skill-biased/“labor-saving” technical change

◦ Fast TFP growth during the 1980s
◦ Growth in R&D and high-tech capital
◦ Case-studies linking technology adoption to skill-upgrading

2. Growing openness of the US economy

◦ High-skill exports, low-skill imports
◦ Outsourcing of production tasks

3. Growth in military spending (“Reagan buildup”)

◦ High-tech weapons, high-skill workers
◦ Quite specific to the 1980s
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The logic of the between/within decomposition

• Fix ideas: J industries with Cobb-Douglas production

Yj = N
βj

j P
1−βj

j

where βj = non-production share of wage bill

• Two ways to increase non-production share:

◦ Shifts towards industries with high βj
◦ Increases in the βj ’s themselves

• Decompose changes into between-/within-sector terms

◦ Trade, defense =⇒ between-sector shifts
◦ Technology =⇒ within-sector shifts
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Notation (different from BBG)

• J manufacturing industries observed in t = 0, t = 1

◦ λjt ≡ industry j ’s share of mfg emp
◦ sjt ≡ non-production share of ind j emp
◦ st ≡ non-production share of mfg emp

• Identity: st ≡
∑

j λjtsjt

• Goal: decompose ∆s ≡ s1 − s0

◦ Between component: growth in skill-intensive sectors
◦ Within component: skill-upgrading within industries
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Deriving the decomposition: one possibility

• Basic approach: add/subtract, then rearrange

∆s =
∑
j

λj1sj1 −
∑
j

λj0sj0

=
∑
j

λj1sj1−
∑
j

λj0sj1 +
∑
j

λj0sj1 −
∑
j

λj0sj0

=
∑
j

(λj1 − λj0)sj1 +
∑
j

λj0(sj1 − sj0)

=
∑
j

∆λjsj1︸ ︷︷ ︸
between

+
∑
j

λj0∆sj︸ ︷︷ ︸
within

• Close analogy to Oaxaca-Blinder decompositions
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Decompositions like this are not unique

• Issue: decomposition is order-dependent

◦ “Between” uses t = 1 shares, “within” uses t = 0 shares

• Alternative expressions:

◦ ∆s =
∑

j ∆λjsj0 +
∑

j λj1∆sj
◦ ∆s =

∑
j ∆λjsj0 +

∑
j λj0∆sj +

∑
j ∆λj∆sj

• BBG use a symmetric expression:

◦ Start with ∆s =
∑

j λj1sj1 −
∑

j λj0sj0

◦ Add/subtract 1
2

(∑
j λj0sj1 +

∑
j λj1sj0

)
• Result: ∆s =

∑
j

∆λjs j︸ ︷︷ ︸
between

+
∑
j

λj∆sj︸ ︷︷ ︸
within

where x j ≡ 1
2 (xj1 + xj0)
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Rise in skill-intensity driven by within component
TABLE IV 

INDUSTRY/SECTOR DECOMPOSITIONS OF THE RISE IN THE SHARE OF 
NONPRODUCTION WORKERS 

Employment Wage bill 

Between Within Between Within 

1959-1973 
Imports 0.007 -0.001 0.005 -0.001 
Exports 0.010 0.002 0.012 0.003 
Domestic consumption -0.026 0.076 -0.035 0.067 

-0.009 0.078 -0.018 0.069 
Total 0.069 0.051 

1973-1979 
Imports 0.001 -0.006 -0.007 -0.002 
Exports 0.021 0.007 0.028 0.004 
Domestic consumption 0.089 0.186 0.064 0.206 

0.112 0.187 0.085 0.208 
Total 0.299 0.293 

1979-1987 
Defense 0.072 0.014 0.101 0.004 
Imports 0.029 -0.002 -0.024 -0.006 
Exports 0.019 0.014 0.035 0.014 
Domestic comsumption 0.044 0.361 0.193 0.456 

0.165 0.387 0.306 0.468 
Total 0.552 0.774 

Note. A calculation for the defense sector is possible only for the 1979-1987 period. Its contribution in 
earlier periods is included in domestic consumption. All calculations have been annualized. 

(Berman et al., 1994, Table 4)
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Unpacking things further

• Premise: product demand ≡ between, SBTC ≡ within

• Is this really a perfect correspondence?

◦ Offshoring of production tasks =⇒ skill shifts w/in industries
◦ SBTC lowers unit costs =⇒ tech-intensive industries expand

• BBG further decompose into trade, defense, residual

◦ Trade and defense account for much of the between term . . .
◦ . . . but not much of the within term

• See paper for details
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Cautionary note: level of aggregation matters!

• Decomposition results depend on level of aggregation

◦ BBG use 4-digit SIC codes (pretty granular)
◦ But product mix might still change w/in industries

• Suppose ind j is composed of sub-inds k ∈ {1, . . . ,Kj}
◦ Let µjkt ≡ k ’s share of ind j emp
◦ Then sjt =

∑
k µjksjk

• One could further decompose BBG’s “within” term∑
j

λj∆sj︸ ︷︷ ︸
within

=
∑
j

λj
∑
k

∆µjks jk︸ ︷︷ ︸
between sub-inds

+
∑
j

λj
∑
k

µjk∆sjk︸ ︷︷ ︸
within sub-inds

• See BBG footnote 6 for related discussion
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Skill-upgrading and technology adoption

• Rest of BBG: skill-upgrading correlated with R&D, computers

• Lots of papers showing correlations among

◦ Skill-upgrading (education, occupations)
◦ Adoption of specific technologies
◦ Complementary changes in organizational practices
◦ Greater customization of products

• Broader settings: non-manufacturing, other countries

• Current frontier: labor market impacts of robots and AI

• See syllabus for some leading papers
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Akerman et al. (2015): SBTC in the internet age

• Question: is high-speed internet skill-biased?

◦ Positive: how has broadband affected wage structure?
◦ Normative: should gov’t invest in broadband access?

• Akerman, Gaardner, and Mogstad (2015)

◦ Specific, important technological advance
◦ Rich administrative + survey data
◦ Plausibly exogenous variation in broadband access
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All of the data. All of it.

• Comprehensive data on Norway 2001–2007

• Administrative data on workers and firms

◦ Universe of non-financial joint-stock companies
◦ Balance sheets: revenue, labor, capital, intermediate inputs
◦ Linked to workers: earnings, education, demographics
◦ For a large subsample: survey data on hourly wages + occupations

• Admin/survey data on broadband rollout

◦ Share of households for whom broadband is available
◦ Firm-level broadband adoption (for a random sample)

• Each year: ≈3m workers, 20k firms (2500 w/survey info)

• Geocoded to 428 municipalities
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Policy variation

• Institutional backdrop: National Broadband Policy

◦ Goal: nationwide broadband access at uniform pricing
◦ Means: infrastructure investments, local gov’t mandates
◦ Carried out by state-owned monopoly (Telenor)

• Key to identification: geographic variation in timing of rollout

◦ Bottleneck: installation of local access points
◦ Determinants of timing: topography, road network
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Broadband access across Norwegian municipalities
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FIGURE I

Geographical Distribution of Broadband Availability Rates

The graphs show the geographical distribution of broadband availability rates of households in 2001, 2003, and 2005.
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(Akerman et al., 2015, Figure 1)
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Reduced-form specification: intent-to-treat (ITT)

• How does broadband availability affect workers/firms?

• For worker or firm i in municipality m in year t:

yimt = x ′imtδ0 + zmtx
′
imtδ1 + w ′imtθ + ηm + τt + uimt

◦ z : broadband availability rate
◦ Municipality and time fixed effects
◦ Cluster on municipality (why?)

• Worker-level regressions:

◦ y : employment status or log hourly wage
◦ x : education bins, w : sex, experience, and industry(?)

• Firm-level regressions:

◦ y : log value added
◦ x : capital and labor inputs, w : industry.
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Threats to exogeneity

• Concern: is timing of adoption correlated with local trends?

• AGM make several arguments:

◦ Determinants of broadband timing change little over time
◦ Timing of expansion uncorrelated with baseline observables
◦ Results robust to including municipality-specific trends

• Event studies around year of biggest broadband increase
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Event study: output elasticities

(a) Output elasticity: Skilled labor
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(b) Output elasticity: Unskilled labor

0
.2

.4
.6

.8
1

A
va

ila
bi

lit
y 

ra
te

.5
1

.5
3

.5
5

.5
7

.5
9

.6
1

C
oe

ffi
ci

en
t o

n 
un

sk
ill

ed
 w

ag
e 

bi
lls

−3 −2 −1 0 1 2 3
Year relative to period with largest increase in availability rates

Output elasticity of unskilled workers
Availability rate

FIGURE II

Output Elasticities and Skill Premiums, Before and After the Largest Increase
in Availability Rates (Period 0)

Period 0 represents the year with the strongest growth in availability rates
in a given municipality. In each period, we estimate Cobb-Douglas production
functions and wage regressions. Graphs (a) and (b) report period-specific OLS
estimates of the output elasticity of skilled and unskilled labor. Graph (c) re-
ports period-specific OLS estimates of log hourly wage on a dummy for skilled
and controls for gender and potential experience.
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(a) Output elasticity: Skilled labor
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(b) Output elasticity: Unskilled labor
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FIGURE II

Output Elasticities and Skill Premiums, Before and After the Largest Increase
in Availability Rates (Period 0)

Period 0 represents the year with the strongest growth in availability rates
in a given municipality. In each period, we estimate Cobb-Douglas production
functions and wage regressions. Graphs (a) and (b) report period-specific OLS
estimates of the output elasticity of skilled and unskilled labor. Graph (c) re-
ports period-specific OLS estimates of log hourly wage on a dummy for skilled
and controls for gender and potential experience.
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(Akerman et al., 2015, Figure 2)
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Event study: skill premium

IV.C. Broadband Adoption and Technological Change in
Production

Economic theory views the production technology as a func-
tion describing how a collection of factor inputs can be trans-
formed into output, and it defines a technological change as a
shift in the production function (i.e., a change in output for
given inputs). To directly examine whether broadband adoption
in firms causes a technological change in production, we exploit
that adoption increased as a result of the program that expanded
broadband availability. This can be represented by the following
system of equations, where the second stage can be thought of as
a Cobb-Douglas production function with total factor productivity
term and exponents on input factors that potentially change with
the adoption of broadband internet:

yimt ¼ x0imt!0 þDimtx
0
imt!1 þw0imt" þ #m þ $t þ "imt;ð3Þ

(c) Return to Skill: Hourly wage
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FIGURE II

Continued

SKILL COMPLEMENTARITY OF BROADBAND INTERNET 1801
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(Akerman et al., 2015, Figure 2)
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Reactions to the event studies

• Discontinuous rise in broadband at date 0 is reassuring . . .

◦ . . . but is it mechanical?
◦ Would like to see this explored formally
◦ The jumpier the variation, the more credible this design

• Raw data suggest secular trends in output elasticities

◦ Regression models will control for time/municipality FEs
◦ But adding these controls doesn’t seem to kill the pretrends
◦ A little disconcerting . . . but will survive lots of spec checks

• Unbalanced samples: driven by composition bias?

◦ Balanced version very reassuring (Appendix Figure B.2)

• Interpretation: what should we expect here?

◦ Short-run effects?
◦ Long-run effects?
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Reduced-form estimates: wages and employment

By comparison, hourly wages increase throughout our sample
period. In 2007, our estimates suggest the wages are (0.6 percent
lower) 1.8 percent higher for (un)skilled workers than they would
have been in the absence of the broadband expansion. Online
Appendix Figure B.3 complements by comparing the actual and
counterfactual time trends in relative wage bills (i.e., the skilled
wage bill divided by the unskilled wage bill). To compute the
trends in relative wage bills, we combine the predicted effects
on wages and employment. We find that the expansion of

TABLE III

INTENTION-TO-TREAT EFFECTS ON WAGES AND EMPLOYMENT

(1) (2) (3) (4)
Dependent variable Log hourly wage Employment

2 skills 3 skills 2 skills 3 skills

Unskilled 2.939*** 0.691***
(0.00455) (0.00262)

Low skilled 2.905*** 0.664***
(0.00431) (0.00231)

Medium skilled 2.977*** 0.731***
(0.00454) (0.00288)

Skilled 3.169*** 3.171*** 0.734*** 0.737***
(0.00420) (0.00407) (0.00480) (0.00477)

Availability !
Unskilled "0.00622 0.000794

(0.00455) (0.00252)
Low skilled "0.0108*** "0.00392

(0.00325) (0.00244)
Medium skilled "0.00793 0.00388

(0.00600) (0.00281)
Skilled 0.0178** 0.0202*** 0.0208** 0.0225**

(0.00720) (0.00692) (0.00920) (0.00892)
Worker-year observations 8,759,388 8,759,388 20,327,515 20,327,515

p-values
Test for no skill bias .000 .000 .012 .001

Notes. * p< .10, ** p< .05, *** p< .01. Estimates are based on the model in equation (1), using
worker-year observations over the period 2001–2007. Columns (1) and (2) consider the sample of workers
aged 18–67 who are recorded in the wage statistics survey; the dependent variable is the log hourly wage
in a given year. Columns (3) and (4) consider the entire population of individuals between the ages of 18
and 67; the dependent variable is an employment dummy, taking the value of 1 if the individual is
employed in a given year. (Un)Skilled comprises workers with(out) a college degree. Low skilled comprises
individuals without high school diploma, and medium skilled consists of high school graduates (without a
college degree). All regressions include fixed effects for year, municipality, and industry and controls for
gender, years of experience, and years of experience squared. The standard errors are clustered at the
municipality level and robust to heteroskedasticity. We report p-values from two-sided tests of the null
hypothesis that the coefficient on availability ! log skilled is equal to the coefficient on availability! log
unskilled (or availability ! log low skilled).
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Reduced-form estimates: productivity

availability of broadband internet. This prediction incorporates
both the change in the intercept and the shifts in the output elas-
ticities of capital, unskilled labor, and skilled labor. As such, it
tells us the extent to which increased availability of broadband
raises firm productivity, that is, how much more output the firm

TABLE IV

INTENTION-TO-TREAT EFFECTS ON OUTPUT ELASTICITIES

(1) (2)
Dependent variable Log value added

2 skills 3 skills

Intercept 3.880*** 4.537***
(0.0965) (0.0791)

Log capital 0.100*** 0.0981***
(0.00495) (0.00490)

Log unskilled 0.576***
(0.0116)

Log low skilled 0.298***
(0.00804)

Log medium skilled 0.265***
(0.00684)

Log skilled 0.136*** 0.134***
(0.00678) (0.00636)

Availability !
Intercept "0.500*** "0.561***

(0.111) (0.0976)
Log capital "0.00169 0.000188

(0.00750) (0.00661)
Log unskilled "0.0226

(0.0234)
Log low skilled "0.0274***

(0.00934)
Log medium skilled 0.0179*

(0.00967)
Log skilled 0.0755*** 0.0645***

(0.0166) (0.0137)
Firm-year observations 149,676 137,498

p-values
Test for no skill bias .012 .000

Notes. * p< .10, ** p< .05, *** p< .01. Estimates are based on the model in equation (1), using the
population of joint-stock firms over the period 2001–2007. The dependent variable is the log value added
in a given year. (Un)Skilled comprises workers with(out) a college degree. Low skilled comprises individ-
uals without high school diploma and medium skilled consists of high school graduates (without a college
degree). All regressions include fixed effects for year, municipality, and industry. The standard errors are
clustered at the municipality level and robust to heteroskedasticity. The hypothesis tests report p-values
from two-sided tests of the null hypothesis that the coefficient on availability! log skilled is equal to the
coefficient on availability! log unskilled (or availability! log low skilled).
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Reduced-form estimates: interpretation

• 10 pct. pt. increase in broadband availability:

◦ Skilled workers: wages and emp ↑ 0.2 percent
◦ Low-skilled: wages ↓ 0.1 percent, emp unaffected

• Broadband raises MPL for skilled, lowers MPL for unskilled

• Limited pass-through: output moves more than wages

◦ Skilled workers: 20 percent pass-through to wages
◦ Suggests firms are earning rents (at least in short run)

• Survives a suite of robustness checks

◦ Exclude biggest cities
◦ Aggregate to the region level
◦ Allow for municipality-specific trends
◦ Address endogeneity of inputs (Levinsohn and Petrin 2003)
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From ITT to TOT

• How does broadband adoption affect workers/firms?

• Reduced form hard to interpret: 2SLS rescales the estimates

yimt = x ′imtδ0 + Dimtx
′
imtδ1 + w ′imtθ + ηm + τt + uimt

• Instrument for Dimtx
′
imt using zmtx

′
imt

◦ We need a strong first stage
◦ We need an exclusion restriction
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First stage: broadband access =⇒ broadband adoption

relationship, we use the survey sample of firms (for which we
observe broadband adoption) to estimate the model:

Dimt ¼ !zmt þw0imt" þ #m þ $t þ %imt:ð5Þ

We estimate the coefficient on the availability rate ! to be about
0.23 with a standard error of 0.04. This estimate implies that a
10 percentage point increase in broadband availability induces
(an additional) 2.3 percent of the firms to adopt broadband
internet.

To understand what type of firms quickly adopt broadband
when it becomes available (compliers), we estimate equation (5)
separately for different types of firms. We partition the baseline
sample into six mutually exclusive groups by industry (the three
largest industries) and share of workers with college degree
(above and below median within each industry). Column (1) of
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FIGURE IV

Association between Broadband Availability and Usage Rates, after Taking Out
Municipality, Industry, and Year Fixed Effects

This figure uses the survey sample of joint-stock firms. Bins are based on
the residual subscription rates of firms with bin size = 0.12. The size of the circle
represents the number of firms in each bin. Sampling weights are used to
ensure representative results for the population of joint-stock firms. The y-
axis reports residuals from a regression of broadband subscription rates of
firms on municipality, industry, and year fixed effects. The x-axis reports re-
siduals from a regression of broadband availability rates of households on mu-
nicipality, industry and year fixed effects.
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Which firms adopt broadband?

• Theory predicts non-random adoption decisions

◦ Complementary factors
◦ Credit constraints?

• Skill-intensive firms are more likely to adopt broadband

◦ These firms tend to be bigger or more productive
◦ These firms have more workers using PCs

• I think the paper could have done more on this point
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Threats to exclusion (i.e., other mechanisms)

1. Broadband access may influence consumer demand

◦ Similar findings for the tradable sector

2. Direct impacts on broadband supplying/servicing firms

◦ Similar findings if we exclude Telenor and IT consultancies

3. Contemporaneous investments in computers

◦ No effect on share of workers using PCs

4. Increased ability to telecommute

◦ Maybe, but can’t explain decline in low-skilled productivity
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Placebo test: no effect on always-takers/never-takers

output elasticity of skilled labor increases substantially, while
broadband internet seems to be a substitute for unskilled labor.
By comparison, there is little if any change in the output elasticity
of capital. As shown in Online Appendix Table B.13, these con-
clusions are robust to using the LP approach to control for corre-
lations between factor inputs, broadband adoption, and
unobserved productivity.

While the production function estimates in Table VII
show that broadband adoption in firms significantly shift how
factor inputs are transformed to output, a precise economic

TABLE VI

PLACEBO TEST: OUTPUT ELASTICITIES

(1) (2)
Dependent variable Log value added

Baseline sample
of firms

Always/never taker
firms only

Intercept 3.880*** 4.388***
(0.0965) (0.692)

Log capital 0.100*** 0.114***
(0.00495) (0.0313)

Log unskilled 0.576*** 0.505***
(0.0116) (0.0869)

Log skilled 0.136*** 0.171***
(0.00678) (0.0295)

Availability !
Intercept "0.500*** "0.212

(0.111) (0.709)
Log capital "0.00169 "0.0230

(0.00750) (0.0345)
Log unskilled "0.0226 0.0295

(0.0234) (0.0860)
Log skilled 0.0755*** 0.00944

(0.0166) (0.0278)
Firm-year observations 149,676 2,233

Notes. Estimates are based on the model in equation (1). Column (1) considers the population of joint-
stock firms, while column (2) restricts the sample to firms that have adopted broadband even when the
household availability rate is 0 (always takers) and firms that have not adopted broadband even when the
household availability rate is 1 (never takers). (Un)Skilled comprises workers with(out) a college degree.
All regressions include fixed effects for year, municipality and industry. The standard errors are clustered
at the municipality level and robust to heteroskedasticity.

for the population of firms at large. For the same reason, we also need to be cautious
in comparing the OLS estimates to the IV estimates. The OLS estimates can differ
because of endogeneity bias or due to heterogeneity across firms in the impact of
adopting broadband internet.
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At last: causal impacts on complying firms
TABLE VII

BROADBAND ADOPTION AND TECHNOLOGICAL CHANGE

(1) (2) (3) (4)
Dependent variable Log value added

2 skills 3 skills

OLS IV OLS IV

Intercept 3.809*** 3.751*** 4.695*** 4.636***
(0.145) (0.455) (0.120) (0.437)

Log capital 0.0987*** 0.0894*** 0.110*** 0.0980***
(0.00736) (0.0227) (0.00764) (0.0213)

Log unskilled 0.583*** 0.658***
(0.0179) (0.0427)

Log low skilled 0.307*** 0.352***
(0.0197) (0.0332)

Log medium skilled 0.228*** 0.247***
(0.0116) (0.0287)

Log skilled 0.131*** 0.0676** 0.129*** 0.0844***
(0.0105) (0.0293) (0.0120) (0.0298)

Broadband !
Intercept "0.618*** "0.765 "0.835*** "0.961**

(0.181) (0.550) (0.173) (0.468)
Log capital 0.00774 0.0212 "0.00572 0.0125

(0.0111) (0.0312) (0.0109) (0.0310)
Log unskilled "0.0297 "0.133**

(0.0215) (0.0604)
Log low skilled "0.0340* "0.100*

(0.0185) (0.0512)
Log medium skilled 0.0396*** 0.0174

(0.0135) (0.0450)
Log skilled 0.0910*** 0.195*** 0.0851*** 0.160***

(0.0111) (0.0435) (0.00756) (0.0439)
Firm-year observations 16,744 16,744 16,250 16,250

p-values
Test for no skill bias .000 .000 .000 .000

Notes. * p< .10, ** p< .05, *** p< .01. This table uses the survey sample of joint-stock firms
over the period 2001–2007. The dependent variable is the log value added. OLS estimates are based
on equation (3), whereas IV estimates are based on equations (3) and (4). Sampling weights are
used to ensure representative results for the population of joint-stock firms. (Un)Skilled comprises work-
ers with(out) a college degree. Low skilled comprises individuals without high school diploma and me-
dium skilled consists of high school graduates (without a college degree). All regressions include
fixed effect for year, municipality, and industry. The standard errors are clustered at the municipality
level and robust to heteroskedasticity. The hypothesis tests report p-values from two-sided tests of the
null hypothesis that the coefficient on broadband! log skilled is equal to the coefficient on broadband! log
unskilled (or availability! log low skilled).
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Broadband complements abstract tasks, subs for routine

intensity. Importantly, columns (2) and (3) show the estimates
are quite similar when we control for skill levels and their inter-
action with broadband availability.

Taken together, the results presented in Online Appendix
Table B.14 and Table VIII suggest an important mechanism
behind the skill bias of broadband internet is that it complements

TABLE VIII

WAGE REGRESSIONS WITH INTERACTIONS BETWEEN TASKS AND BROADBAND AVAILABILITY

(1) (2) (3)
Dependent variable Log hourly wage

Skill categories

2 skill
levels

3 skill
levels

Abstract 0.371*** 0.283*** 0.272***
(0.0142) (0.0139) (0.0140)

Routine !0.0641*** !0.0664*** !0.0700***
(0.00653) (0.00573) (0.00577)

Manual 0.0248*** 0.0156** 0.0138*
(0.00791) (0.00769) (0.00740)

Availability"Abstract 0.173*** 0.157*** 0.157***
(0.0320) (0.0298) (0.0297)

Availability"Routine !0.0357*** !0.0344*** !0.0338***
(0.00798) (0.00766) (0.00791)

Availability"Manual 0.00200 0.00145 0.00273
(0.0115) (0.0107) (0.0104)

Worker-year observations 4,586,333 4,586,333 4,586,333
Controlling for educational attainment:

Skill levels No Yes Yes
Availability"Skill levels No Yes Yes

Tests for no task bias: p-values
Equality of abstract and routine .000 .000 .000
Equality of abstract and manual .000 .000 .000
Equality of manual and routine .041 .040 .036

Notes. * p< .10, ** p< .05, *** p< .01. We consider workers aged 18–67 over the period 2001–2007
who are recorded in the wage statistics survey and for which we observe occupation codes at the four-digit
level. The occupation codes are linked with measures of task intensity from the Dictionary of Occupational
Title (DOT), as reported by Autor and Dorn (2013). Following Autor, Levy, and Murnane (2003), we
convert the DOT measures into percentiles of the task distribution. Column (1) presents results from a
regression of worker-year observations of log hourly wages on task intensities and their interaction with
broadband availability in the local labor market. Column (2) adds indicator variables for two levels of skill
and their interaction with broadband availability. Column (3) includes indicator variables for three levels
of skills and their interaction with broadband availability. (Un)Skilled comprises workers with(out) a
college degree. Low skilled comprises individuals without high school diploma and medium skilled consists
of high school graduates (without a college degree). All regressions include fixed effects for year, munici-
pality, and industry and controls for gender, years of experience, and years of experience squared. The
standard errors are clustered at the municipality level and robust to heteroskedasticity. We report p-
values from two-sided tests of the null hypothesis that the coefficients on the interaction variables of the
different task intensities are equal.
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Wrap-up

• Has SBTC caused skill-biased demand shifts?

• Berman, Bound, and Griliches (1994)

◦ Skill-upgrading occurs mostly within (mfg) industries
◦ Skill-upgrading correlated with computer investments

• Akerman, Gaardner, and Mogstad (2015)

◦ Credible evidence on effects of broadband adoption
◦ Boosts MPL of skilled, lowers MPL of unskilled

• Next class: the task structure of employment
(Autor, Levy, and Murnane 2003)
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