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Executive Summary 
This study exploits the recently released data on county-level gross domestic product 

(GDP) to evaluate a number of policy relevant issues across Indiana. Among our findings 
are that: 

• More densely populated urban places tend to generate increasing returns to production, and thus 
act as fuel to economic growth. 

• At the margin, labor and human capital play a larger role in the production of GDP than does 
capital. A 1.0 percent increase in each of these grows GDP by 0.75, 0.54, and 0.18 percent respec-
tively. People, not machinery, drive economic growth. 

• Capital subsidies generate short-term effects on local economies, but they are more costly over time 
than subsidies for human capital growth. Incentivizing people is a more effective way to grow an 
economy than incentivizing capital. 

• Counties with higher levels of GDP also have more productive workers than do low GDP coun-
ties. This is due to higher levels of human capital in these counties. 
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Introduction
In December 2018, the United States Bureau of Economic 

Analysis released their first version of county-level gross domestic 
product (GDP). This data product offers important new informa-
tion of significant interest to economists and the media. Most of 
that analysis was descriptive, focusing on regional differences and 
short-term growth rates.[1] This policy brief exploits the useful 
new data with a much more expansive analysis of economic and 
policy- related dimensions of that data. 

In this study, we analyze some of the most pertinent aspects of 
a regional economy; the role of capital, labor, and productivity 
growth. We also explore technical trade-off between capital and 
labor as well as the effectiveness of policies designed to influence 
these relationships. This study will report findings that confirm 
many of the insights in economic growth models, and provides 
a modern context surrounding the role of public policy on the 
productivity of capital and labor. 

From that framework, we simulate economic development 
policy efforts to effect economic growth by assessing the cost of 

policies designed to stimulate growth. This permits a broad ben-
efit cost analysis of major policy efforts. This motivates a policy 
discussion regarding economic development policy. 

This study will also pose and partially answer some critical 
questions about the efficiency of capital and labor flows. This is 
important because most public expenditures on economic devel-
opment assume market failures in capital investment. Within the 
framework of asking about market processes, we examine auto-
mation. In so doing, we report yet another transmission mecha-
nism between the substitutability between labor and capital and 
the risk of automation related job losses at the county level. Not 
surprisingly, in places where workers and capital are more ready 
substitutes, the risk of automation-related job losses are higher. 
This provokes further reflection on public policy, in part because 
there are stark economic and educational differences among coun-
ties that correlate with automation risk. We begin by explaining 
the fundamentals of economic growth models. 

1.  As examples, see https://pcrd.purdue.edu/blog/look-at-county-level-gdp-numbers.php  
and https://www.usatoday.com/story/money/2019/02/22/economic-growth-fastest-growing-county-each-state/39053949/

• Across Indiana, workers and households are migrating to more produc-
tive places. These are locations where higher skills command better pay 
in labor markets. 

• Likewise, capital is flowing primarily into places where it is more 
productive. 

• Counties with the lowest marginal product of capital use property tax 
abatements more heavily than counties with higher capital productivity. 
Thus, capital subsidies are flowing to places where capital is already less 
productive at the margin. 

• We find that places with more substitutable capital and labor face 
higher risk of automation-related job losses.

• Counties with lower levels of educational attainment also have capital 
and labor structures that are more substitutable. Thus, lower levels of 
education increase automation risk. 

• Unexplained economic growth comprises a small share of overall GDP, 
but is highly correlated with GDP per worker. This suggests that other 
factors (e.g. social, cultural, land use, etc.) play some modest direct role 
in GDP growth. 
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Lessons from a Regional Production Function
The rapidly growing data availability during the 20th century 

as enabled the evaluation of economic models of regional growth. 
The earliest and still dominant model of this genre comes from 
Cobb and Douglas (1928), with extensions by Solow (1956). 
The simplicity and flexibility of these models allowed economists 
to test a broad suite of hypotheses about economic growth. The 
fundamental insights of these models remain in regular use today. 
We shall review the model more fully in the technical section, but 
here we shall focus on its basic formulation and implications. 

The Cobb-Douglass model is a flexible treatment of produc-
tion that treated regional economic outcomes (such as GDP) 
as a function of regional employment, total physical capital 
(machinery, equipment, public infrastructure, and housing) and 
technological growth. Testing this simple model on data allow us 
to estimate the rate of technological change and the relative role 
of capital and labor in production. The model also allowed an 
econometrician to test whether economies experienced increasing 
or decreasing returns to scale. That is, whether per unit produc-
tion (productivity) grew at an increasing or decreasing rate as the 
number of workers or value of capital rose. This is a measure of 
urbanization or agglomeration effects on economic growth. 

R.M. Solow (1956) in his important Nobel Laureate con-
tribution applied this model to regional growth in a way that 
made theoretical predictions about the long-term relative levels 
of economic activity. This approach used the same broad inputs 
(employment and capital) and made several important revelations 
about the growth process. 

Focusing on capital flows and technology, Solow hypothesized 
that physical capital experienced decreasing returns. More plainly, 
in places where physical capital, such as machinery, transportation 
equipment or roadways, was abundant, the value of an additional 
dollar invested in that capital was lower than in a place where 
capital was scarcer. Because investors seek higher returns on their 
capital investments, capital would flow from capital rich to capital 
scarce locations. This, Solow predicted would cause a convergence 
in economic conditions between rich and poor regions. 

By the 1980s it was clear that Solow’s prediction of convergence 
failed to materialize. This led to a number of extensions that 
included human capital and government capital. Notable studies 
included Romer (1986), Barro (1990), Mankiw, Romer and Weil, 
(1992) and Barro and Sali-i-Martin (1992). 

One formulation of these models that remains popular is a 
human-capital-augmented Solow growth model. This approach 
retains many of the basic Solow features, but includes human 

capital in the form of some measure of regional education in 
explaining the difference in economic performance between 
regions. The predictions of these models are that regions with 
different levels of capital will converge towards other regions with 
similar levels of human capital. We refer to this as conditional 
convergence.[2]

Conditional convergence predicts that places with equal 
levels of educational attainment will experience economies that 
converge to similar levels of income and production. This occurs 
because capital will flow to the place where it is scarcer, and hence 
receives a higher return. However, the model argues that this 
convergence of economies is conditioned on the workforce having 
similar levels of education. Because education enhances the pro-
ductivity of both workers and the machines they operate, places 
with different levels of education will not become more similar. 
Thus, regions will conditionally converge but remain economi-
cally different as long as their levels of education remain dissimilar. 

The Solow growth model has enjoyed significant success in 
explaining growth between regions and within regions over time. 
Indeed, nearly all work today acknowledges the fundamentals of 
the Solow model as a basis for explaining growth between regions. 
Much contemporary research focuses on better modeling the 
relationship between education and regional growth. Another 
area of ongoing interest is the measurement of output elasticities. 
These are the effects an input, such as capital or labor, has on total 
GDP growth. Output elasticities vary over time and geography 
and appear frequently in the research literature. 

One additional important aspect of Solow’s work is the mea-
surement of the unobserved variation in growth in each region. 
This is termed the Solow residual. This is the error term or the 
residual of a statistical estimate of the Solow growth model. The 
Solow residual is the amount of growth (either positive or nega-
tive) that a region experienced that is not explained by changes 
to capital or labor. The Solow residual captures some other factor 
which is generally viewed as geographically specific technological 
or productivity advantages. 

The availability of county-level GDP data, combined with state 
reporting on capital, and Bureau of Economic Analysis data on 
population and the educational attainment of workers enable us 
to measure all these separate features of the Solow growth model 
and variations that account for human capital. We do this in the 
following sections. 

2.  A closely related concept is Club Convergence, where regions with similar levels of human capital converge due to the relocation of capital flows to other regions 
with lower physical capital stock.
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Data and Model
The release of county-level gross domestic product (GDP) data 

offers the first geographically contiguous coverage of regional 
GDP data, which was heretofore restricted to national, state and 
metropolitan area estimates. To this data, we match other county-
level data from which to populate growth and amenity models. 
Summary statistics appear in Table 1.

The county-level GDP is the new data series produced by the 
Bureau of Economic Analysis (BEA), housed in the Depart-
ment of Commerce. Population, employment, and income are 
other common county-level time series data. Indiana’s Legislative 
Services produces biennial reports detailing county-level gross 
assessed property value, and the Census produces Quarterly 
Workforce Indicators of employment by educational attainment. 

These data lend themselves to a number of modeling opportu-
nities. The availability of county-level GDP and capital estimates 
are especially important to regional modeling and permit us to 
use one of the most flexible, common, and analytically trac-
table regional economic models, the Cobb-Douglas production 
function. 

The common specification of the Cobb-Douglas model is:

Y = AKα Nβ

Where Y is output (GDP), A is a technology parameter, K is 
physical capital, and N is employment. 

The values of α and β are output elasticities estimated in the 
model from existing data.[3]

This production function forms the basis of much contempo-
rary analysis of regional economic conditions. Often it is deployed 
as part of a system of equations that constitute a spatial equilib-
rium model (Glaeser and Gottlieb, 2009; Hsieh and Moretti, 
2019). In this paper we focus on the production dynamic only. 

For our purposes, we use a series of simple specifications, add-
ing only human capital (share of workers with a BA or higher 
degree) and a ‘catch all’ measure for other regionally varying 
inputs. This human capital measure is a common adaptation of 
this model, and is often referred to as a human capital augmented 
growth model. By varying the inputs, we can estimate the relative 
importance of major factors. To test this model empirically on our 
data, we undertake the simple transformation of Equation 1.

lnYi,t = ln A + α ln Ki,t + β ln Ni,t + ei,t

Where the natural logarithm of the function transforms this 
into an empirically testable form with at least four important ele-
ments to consider in our study of Indiana’s counties. It also elimi-
nates the need to be cautious in comparing units of measurement. 
The logarithmic adjustment turns them all into percentages. We 

will discuss these in the results section, and use them to illuminate 
several key policy points along the way. 

The A term for technology describes the multiplicative effect 
of increasing technology on the combination of capital (K) and 
labor (N) in the model. This value can be estimated from the basic 
growth model. The coefficients α and β are the output elasticities, 
which measure the percentage increase in Y with a 1.0 percent 
increase in K or N respectively. The output elasticities allow us 
to derive the marginal productivity of labor and capital, and the 
rate of technical substitution between capital and labor. The final 
term, e, is the error term, or the level of growth in GDP that is 
not explained by technology or growing inputs such as capital and 
labor. This is our Solow residual, upon which we will expand in 
later sections. 

As illustration of the power of this modeling, Figure 1 depicts 
the simple correlation between the logarithm of output (Y) and 
both capital K and employment N. The resulting joint modeling 
of this relationship derives the relative effect of both on output 
in a county. Figure 1 should reduce concern over meaningful 
distortions resulting from poor assessment quality or averaging of 
seasonal variation in employment. 

Figure 1. Correlation of Output (Y) and Inputs (K and N)
Source: Author calculations
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3. This specific form can be expanded to include more than two factors of production. In its general form, Y = f(x) = A             x γ   x = (x1, x2, ... xn) 
 γ = (γ1, γ2, ... γn). Where Y is output (GDP), A is the technology constant, x are factors of production, and γ are output elasticities.

∏i = 1
n

Table 1. Summary Statistics, Indiana Counties, 
2012-2015 
Sources: Bureau of Economic Analysis (BEA), Legislative Services (LSA), 
Quarterly Workforce Indicators (QWI), US Department of Agriculture (USDA), 
Federal Housing Finance Authority (FHFA)

Mean Median Max. Min. Std. Dev. Source

2015 GDP in 
$thousands 3,327,984 1,113,913 85,892,371 74,676 9,200,818 BEA

Employment 71,486 33,954 940,235 5,882 119,378 BEA

Capital (GAV) in 
$millions 4,992 2,465 61,915 394 8,243 LSA

No. of employees 
w/ a BA degree 6,379 2,054 152,779 229 17,118.52 QWI
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We present five forms of the model, where A is the technology 
parameter, α is the output elasticity of capital, β is the output 
elasticity of labor, θ is the output elasticity of human capital, W 
is the first order spatial matrix for Y, so that WY is the weighted 
value of Y in contiguous counties, a spatial correction. Finally, 
C is a county-level fixed effects coefficient that captures all other 
time-invariant, county-specific inputs.

These results depict several important characteristics of the 
economy. Model 1 and 2 reflect the most basic production func-
tion, with constant returns to scale. Models 3-5 include increas-
ingly more complex models, adding human capital, spatial 
autocorrelation, and county fixed effects. 

We conclude Model 4 is most appropriate for this analysis 
because it best fits our sample and has the most theoretical rel-
evance. This is not surprising because at least three decades of 
research point to human capital augmented growth models as 
appropriate for these uses. If we had access to a much longer time 
series, say three decades of GDP data, we could adopt other models 
that treat human capital growth as endogenous, or determined by 
factors within each region. For a four-year model, this is an inap-
propriate assumption. 

The choice of this as the optimal model yields a number of 
important insights. The first of these is the consideration of the 
technology intercept A. Across these models, A is largest in the 
models that include an accounting for human capital. In this 
model, A is a ‘catch all’ variable that measures technological 
inputs across all the counties. When we add human capital to the 
model, the value of technology to the overall production function 
rises. This suggests a complementary between technological inputs 
and human capital. This is not a surprising result. 

The fixed effects (C) eliminate from relevance both the capital 
investment and human capital. This is likely due to the brief time 
series available allowing for little variation in either. This would 
be better explored as the Census releases a longer time series of 
county GDP data. 

Across the models, we can compare the output elasticities for 
different factors; capital, labor and human capital. Output elas-
ticities of α, β and θ measure the effect of a 1.0 percent change 
on those inputs (capital, labor, and human capital) on output. We 
discuss each in turn. 

We observe that across all the models, the role of capital 
investment declines from roughly 0.45 to 0 as we include more 
variables. Again, the best fitting model reports an output elasticity 
of 0.18 for capital. That means that a 1.0 percent increase in capi-
tal investment would increase GDP by 0.18 percent. The role of 
labor remains nearly static across the first four models at roughly 
0.75. This range is roughly the common estimate of output 
elasticities for labor in recent decades. The elasticities for human 
capital range in the 0.53 to 0.54 range, placing it firmly above the 

physical capital output elasticities. These three output elasticities 
are of the greatest policy interest, since policy can plausibly affect 
capital investment, human capital acquisition, and population 
growth. Evaluating the policy dimension of capital investment or 
human capital growth are important aspects of this model. 

We also display two measures of goodness-of-fit to consider in 
model selection. The Akaike Information Criterion (AIC), and 
the adjusted R-squared. Both measures measure the share of vari-
ance explained by the model, adjusted for model complexity. The 
R-squared is common, and is useful for comparison of models 
across different specification. The AIC is less useful across model 
specifications, other than inclusion of lags.[4] For this purpose, we 
focus our interpretation on Model 3 and Model 4, which are func-
tionally indistinguishable from one another in results. Both have 
the higher adjusted R-squared and the two lowest AIC, which 
makes them a good compromise in model selection. 

In Figure 2, we illustrate the three policy elasticities as separate 
effects on GDP. The horizontal axis illustrates percentage change 
in each input, while the vertical axis illustrates the resulting 
impact on GDP. We show the partial effect of each input on pro-
duction. However, an important interpretation is the joint effect 
these factors play in producing output. To discern that, we sum 
the output elasticities; α, β, and θ. The value of that sum reveals 
important information regarding agglomerations, or effectively 
urbanization economies in our sample. If the sum of these values 
equals 1.0, we can conclude there are constant returns to scale. In 
other words, increasing all inputs by 1.0 percent would increase 
outputs by 1.0 percent. If the sum of the values is greater than 
1.0, we have increasing returns to scale, so that increasing all 
inputs by 1.0 percent would increase output by more than 1.0 
percent. There are two caveats, however.

First, these models produce point estimates, but are estimates 
from a stochastic model that have a de-facto confidence interval 
around them. So, calculating this confidence interval around the 
point estimates requires a statistical test to determine whether 

Figure 2. GDP Effect of Change in Inputs
Source: Author calculations
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4. One purpose of reporting this test statistic is to provide a reference for follow on research as longer time series become available.
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or not the values are actually greater than one. In Table 2, both 
Model 1 and Model 2 yield estimates that are indistinguishable 
from, i.e. α + β = 1.

Thus, both of these models imply constant returns to scale in 
production. However, Model 3, Model 4 and Model 5 all exhibit 
increasing returns to scale. That is α + β + θ > 1 in these final 
three models.[5]

The presence of economies of scale in models that account 
for human capital differences between counties, implies a strong 
human capital role in production. Importantly, increasing returns 
in connection with growing urbanization is termed agglomera-
tion economies. Agglomeration economies are the cause of urban 
growth nationally, and in Indiana. 

To better understand the relative impacts of capital, labor and 
human capital we must go beyond the estimates illustrated in 
Figure 2 and reported in Table 2. Moreover, our focus on public 
policy suggests we consider the role public expenditures play in 
bringing these inputs to production. A straightforward way to do 
this is to simulate the effect of fiscal expenditures on GDP as they 
are transmitted through capital and human capital. There is no 
easily measurable way to link public expenditures to population 
changes, but we can place a cost on public expenditure on capital 
(through tax abatements) and human capital (through education 
funding). Thus, we focus on these two variables in our analysis. 

This simulation involves changing single inputs (capital or 
human capital) and assigning cost to each percentage point 
increase in GDP in a county. By treating inputs singly, we ignore 
the trailing input. For example, if you increase capital, we should 
anticipate an increase in labor as well.[6] However, because the 
point of the simulation is to evaluate the lowest cost input that 
a government could incentivize, the complementarity of inputs 
does not alter the interpretation. 

To estimate the capital cost to government, we assume tax rates 
of between 2.5 percent and 3.0 percent as our high and low rate. 
We assume a “But For” effect of capital incentives of between 
3.0 percent and 25 percent from Bartik’s (2018) review of the 

literature. Further, we assume that capital depreciates at 1/8 per 
annum to a threshold of 30 percent. This is an approximation of 
the depreciation rate on new capital applied in the Indiana code, 
that should have a very modest effect in aggregate. Its use implies 
that we overstate the incremental value of capital in this simula-
tion. We do not know the speed of lost capital due to removal of 
production lines. For readers not convinced by these assumptions, 
we appeal to Figure 1, which displays very robust correlations 
between capital and GDP. 

For human capital simulations we assume the public human 
capital acquisition cost for a four-year degree ranges between 
$6,500 and $8,000 per year. This is above the current level, but 
assumes some additional costs to increase the incentive for col-
lege. We assume it will take a four-year phase in period to begin, 
and that the graduation rate will range from between 45 percent 
and 65 percent. We do not include student migration. Indiana is 
a large net importer of college students, and it is not clear whether 
reducing in-state student educational costs would increase or 
decrease this pattern. Also, we do not consider any residual ben-
efit to non-college completers, and we assume human capital does 
not appreciate. Both of these assumptions are incorrect, but yield 
a conservative simulation. 

In this simulation, we are using a short-term estimate from 
the Cobb-Douglas models outlined above. However, it is useful 
to evaluate a more dynamic effect that would phase in the cost 
calculation of sustaining 1.0 percentage point increase of GDP 
per year. This illustrates the challenge of phasing in education and 
accounting for capital depreciation. See Figure 3.

Figure 3 compares the cost of increasing GDP from between 
1.0 and 10 percent in an Indiana county. We derive these simula-
tions from the output elasticities and public costs associated with 
the inputs of human capital (education support) and productive 

Figure 3. Fiscal Cost of Incentives (Current Tax 
Abatements vs. College Subsidy)
Source: Author calculations
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5. We conclude this through the traditional Wald test.

6. Our calculated Marginal Rate of Technical Substitution between labor and capital ranges from 0.45 to 0.65. We will discuss this in more detail in the coming sections.

Table 2. Estimation Results 
Source: Author calculations 

Model 1 Model 2 Model 3 Model 4 Model 5

A 2.67*** 2.97*** 6.76*** 6.81*** 4.36***

α 0.44*** 0.45*** 0.18*** 0.18*** 0.005

β 0.73*** 0.75*** 0.75*** 0.75*** 1.003***

θ . . . . . . 0.54*** 0.53*** 0.14*

WY . . . -0.02 . . . -0.007 0.13

C . . . . . . . . . yes

Akaike I.C. 0.84 0.84 0.02 0.03 -2.88

Adj-R2 0.905 0.906 0.950 0.959 0.842
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capital (abatements). The solid lines represent the average (geo-
metric mean) of the high and low estimates. 

As should be apparent from this graphic, initial GDP impacts 
are higher for investment subsidies in physical capital, than 
human capital. This is due primarily to the longer period required 
to complete a four-year degree versus the installation of produc-
tive capital. Again, our depreciation schedule dramatically over-
states this relationship, biasing this assessment towards a higher 
value of capital subsidies. However, even accounting for this, 
the relative return on investment (GDP per tax dollar spent) is 
higher for human capital by year three. Over 10 years, the cost of 
preserving 1.0 extra percent of GDP through capital investment is 
about five times that of investment in human capital. 

If we examine the most favorable assumptions for each, human 
capital and private capital investments are roughly equivalent at 
about the eight-year mark. Conversely, examining the least favor-
able assumptions for both provides a roughly tenfold difference 
between investments in human and physical capital. 

There are several lessons from this simulation. The first is the 
far less uncertainty surrounding human capital investment than 
that of physical capital. Much of this is due to uncertainty about 
the effect of public subsidies of capital. Second, physical capital 
depreciates, while human capital most likely appreciates (though 
we did not include this in our model). Had we included even 
modest human capital appreciation in our model, the results 
would have been significantly more favorable to human capital 
investments. Finally, the simulation involves state averages, not 
individual counties that may vary. 

Importantly, both human capital and investment decisions are 
made primarily by private individuals and firms based upon the 
rate of return of those investments, relative to their costs. The 
simulation above simulates the role government has in incentiviz-
ing investment through subsidies. Private investment decisions in 
both physical and human capital face different objectives. 

The most visible method of observing this incentive is by 
evaluating the marginal product of both labor and capital. The 
marginal product of both inputs is a measure of the additional 
output (GDP) each additional input (K or N) would generate. 
The higher the marginal product, the better the rate of return on 
that investment. To illustrate that, we graph the marginal product 
of labor against both per capita output and average wages in each 
Indiana county, using a logarithm for ease of illustration. The 
marginal product of labor is calculated from the output elasticities 
reported in Table 2.[7] 

See Figure 4. It is apparent that a robust correlation exists 
between the marginal product of labor (MPL) and both wages 
and per capita GDP in Indiana counties. This is important, 

because the rate of return to an individual for investment in 
education is best proxied by wages (labor supply). The incentive 
for a firm to hire another worker will be the output that worker 
can provide (labor demand). Figure 4 summarizes both of these 
factors at the county level. 

Interestingly, the wage function exhibits far less variability 
than the GDP per worker function. This strongly suggests that 
either human capital or physical capital plays a role in output per 
worker. This observation accommodates the lower statistical fit 
(0.80 versus 0.99) of two polynomial regressions. This suggests 
that labor markets are adjusting smoothly within the time period 
observed. Within these data sets, there can be little to argue 
against the accuracy of the classical labor market model prediction 
that the average product of labor determines the wage rate at an 
aggregate level. 

Another important lesson from these data is the relationship 
between capital intensity and its marginal product. This is at the 
heart of the Solow (1956) growth model. In his model, capital 
investment exhibited decreasing returns. Thus, his model predicted 
that market forces would generate capital flow from places with 
lower marginal product to places with higher marginal product 
from places that had an abundance of capital to places in which 
it was scarcer. This is the search for a higher rate of return, which 
would cause convergence between regions with initially disparate 
levels of productivity. This was an optimistic result of the model 
because this prediction meant that poor places would grow faster 
than richer places, ultimately leveling income across regions. 

Subsequent research concludes differences in human capital slows 
or prevents convergence between regions (Barro and Sala-i-Martin, 
1992). The result is ‘conditional convergence’ where capital flows to 
higher-valued locations, but does not necessarily cause economies 
to experience more equal outcomes. So, places with similar levels 
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of human capital will see increasingly similar economic outcomes 
(GDP per capita) because capital flows will equalize across these 
locations. However, places with higher levels of human capital will 
continue to have higher GDP per capita than places with lower 
levels of human capital, and market forces will not equalize capital 
flows across these locations. 

The reason for this is that unlike physical capital, human capital 
does not experience decreasing returns. The rate of return on 
human capital is higher in places where it is more abundant, not 
where it is scarcer. For an individual worker, the pay is better in a 
city that has, on average, better educated workers, than in a city 
that has fewer well-educated workers. This is true no matter your 
level of education (see Moretti, 2012).[8]

These results have stark implications for individual regions in 
Indiana that bear on public policy choices surrounding human 
capital and physical capital, at both the state and local levels. Efforts 
to improve economic conditions locally are dependent mostly upon 
human capital, not physical capital. This observation lies in contrast 
to the most commonly used types of local economic development 
policy. Capital subsidies, especially in the form of local property tax 
abatements form the basis for much economic development policy. 
Human capital policies remain a poorly resourced afterthought in 
most Indiana counties (Hicks, 2016). 

To discern this visually, we could simply compare where capital 
is most productive, and where labor is most productive. In this 
graph, we use the standard marginal product of labor and the 
marginal product of capital and compare them to GDP per 
worker in each Indiana county (inflation-adjusted average from 
2012 to 2015). 

Figure 5 depicts the relationship alluded to in both the early 
discussion about increasing returns attached to models that incor-
porate human capital as well as the later discussion about regional 

convergence. Here, both the county marginal product of labor 
and capital are correlated with per worker GDP. But, the higher 
the marginal product of labor, the higher GDP, while the reverse 
is true with capital. Counties with higher output per worker have 
higher marginal product of labor, while counties with lower GDP 
per worker have lower marginal product of labor. 

In contrast, counties with higher marginal product of capital 
have lower output per worker, while counties with higher GDP 
per worker have lower marginal product of capital. To confirm 
our estimates, we can evaluate whether the response of workers 
and businesses reflect these findings (Figure 6). What we should 
expect is that households will migrate to places with higher 
marginal product of labor, and business will invest in places with 
higher marginal product of capital.

Both Figure 7 and Figure 8 provide a startling illustration of 
the movement of inputs to the locations of their highest value 
to workers or investors respectively. Households are locating in 
places where the marginal product of labor is higher, and busi-
nesses invest in capital where the marginal product of capital is 
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Figure 6. Marginal Product of Labor and 
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Source: Author calculations
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Efforts to improve economic conditions 
locally are dependent mostly upon human 
capital, not physical capital.

8. Autor (2019) reports this is diminishing, and that the observed wage rate for low-skilled workers in larger cities is dissipating.



© Center for Business and Economic Research  |  9  |  Ball State University  |  bsu.edu/cber

higher. The strength of these relationships is very strong given the 
short period under which they are estimated (2012-2015). 

It is difficult to overstate the importance of this simple market 
outcome. It is well known that factors of production, such as 
labor and capital move to locations in which they are more pro-
ductive and hence better compensated. However, the adjustment 
is usually thought to be relatively slow. Figures 7 and 8 provide 
evidence that these forces manifest themselves over even a short 
period (2012 to 2015). Moreover, this was a period of modest 
migration and constant economic growth, in which a visible rela-
tionship would reasonably not be expected. In these graphs, the 
productivity to population growth correlation is very strong. 

The somewhat weaker relationship with productivity and capi-
tal may be due to ‘lumpy’ investments or interference in markets 
through incentives. This observation raises a question related to 
Figure 4, which reports the correlation between GDP per capita 
and the marginal product of labor. The looser statistical fit of 
GDP per capita and wages is in contrast to the much tighter sta-
tistical fit between GDP and the marginal product of labor. This 
could be due to equilibrium in labor markets or differences in the 
industrial mix across counties influencing the correlation between 
wage rate and marginal product of labor. 

To evaluate the former possibility, we examine the relationship 
between the marginal product of capital and the size of property tax 
abatements, the major government subsidy for capital investment, in 
Indiana’s 92 counties in 2015. This is reported in Figure 9. This fig-
ure makes it clear that there is a negative relationship between capital 
abatement subsidies and the marginal product of capital. Thus, prop-
erty abatements are flowing to locations where capital is, at the margin, 
less productive. This could influence the wage and marginal product 
of labor relationship, which we suggest for later research. 

This would appear to run counter to efficient allocation, par-
ticularly because we include all types of property in this estimate. 
Indiana law limits abatements to business personal property, and 
a very limited set of real property types, such as hardened concrete 
floors to support machinery. At the margin housing should be less 

productive than industrial property, but housing likely comprises a 
significant share of personal property. So, we should expect abate-
ments to be higher in more productive locations both because of 
economic efficiency and because our data includes housing stock. 

We must conclude that abatements are used to deploy capital in 
less productive locations than pure market outcomes would suggest is 
appropriate. Previous research has found that places with negative 
location characteristics offer higher abatement (Byrnes, Marvel 
and Sridhar 1999), distressed areas are more likely to offer abate-
ment (Anderson and Wassmer 1995), and distressed communi-
ties offer larger incentives (Cassell and Turner 2010). While this 
might argue that abatements play a larger role in the decision 
location of capital, it also means that abatements are distorting 
both the optimal location of productive capital and the resulting 
productivity of that capital. 

A full treatment of the efficacy of property tax abatements is 
well outside the scope of this study, but the evidence derived from 
these models is that its use is not resulting in optimal deployment 
of capital by businesses across the state. A fuller treatment would 
examine more than the marginal product of capital on abatement 

Figure 9. Marginal Rate of Technical Substitution 
vs. County Automation Risk 
Source: Author calculations
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levels, but the simple framework of the regional production func-
tion argues for taking a parsimonious analysis seriously. 

One possible explanation is that firm decisions regarding capital 
appear to be distorted, at least modestly, by tax abatements. 
Alternatively, the short time period of this analysis may mean that 
legacy investments in plant and equipment tend to continue to 
draw capital investment, even when, at the margin, they are less 
productive. Of course, this may suggest that capital subsidies are 
actually boosting capital investment in poorer and less productive 
places. This is consistent with the literature on incentives, that 
shows a modest effect of subsidies on the location of capital (Bar-
tik, 2018; Hicks and Faulk, 2014). Of course, this does not mean 
that capital subsidies are a wise policy choice, only that they may 
be effective in affecting the location decision of some investment. 

One important question resulting from this is how deployment 
of capital may affect workers and regions. There exists a great 
deal of county variation in the relative level of capital investment, 
workforce and human capital endowment. The analysis has thus 
far been confined to examining and discussing internal elements 
of the model. To extend this work, we may also compare the 
predictions of this model to external data, which evaluates some 
of the same questions. One obvious choice is in the role of capital, 
labor and automation. 

To understand better this relationship, we calculate the Marginal 
Rate of Technical Substitution (MRTS) between labor and capital. 
This is a measurement of the tradeoff between capital and labor in 
production. It is typically expressed as a value between 0.0 and 1.0, 
or between perfect complement and substitutes respectively.

If the value of the MRTS is zero, changes in the use of one type 
of input alone would have no effect on production. The textbook 
example is adding one additional lawnmower to a one-person 
lawn mowing company. The capital and labor are perfect comple-
ments. If the value is 1.0, then to keep production constant, the 
loss of 1.0 percent of capital must be offset by 1.0 percent increase 
in labor. In this case, labor and capital are perfect substitutes. In 
our sample, the MRTSNK is 0.504, with a minimum of 0.435 
and a maximum of 0.595 

Using our estimates of local automation risk from Devaraj, 
Hicks, Wornell, and Faulk (2017), we compare the MRTS of a 
county with its aggregate risk of automation. As Figure 10 illus-
trates, there higher rates of automation are correlated with higher 
substitutability between labor and capital. This is precisely the 
prediction of economic theory. 

This intuitive finding is bolstered by the observation that counties 
with higher levels of educational attainment are less substitutable 
with physical capital, so have a lower MRTSNK. Education makes 
workers more complementary to capital, and less easily substituted 
by capital. Importantly, the factor that matters appears to be educa-
tion, not capital accumulation, because the capital to labor ratio is 
negatively correlated with automation risk (not illustrated). Places 
with a higher share of educated workers have capital structures that 

are more heavily weighted towards capital that complements, rather 
than substitutes for labor, and are thus more resilient in the face of 
technological and automation related change. More plainly, firms 
appear to deploy capital that is more easily substitutable with labor 
in places where educational attainment is lower. Better educated 
workers attract more complementary capital investment. This is 
further confirmation of our earlier work on vulnerable communi-
ties (Devaraj, Hicks, Wornell, and Faulk, 2017).

Finally, our analysis turns to the level of unexplained economic 
growth, and in what places it may lie. Our five models explain 
between 82 percent and almost 96 percent of economic growth 
during the period 2012 to 2015. That level of explanation is com-
mon in these models. Our preferred model, the human capital 
augmented Solow model, explains 95.9 percent of growth, leaving 
only 4.0 percent of all changes in economic activity unaccounted 
for during this period. This Solow residual is strongly correlated 
with GDP per worker. See Figure 11.

Though we have not undertaken a complete evaluation of the 
Solow residual, the correlation of unexplained variation in growth 
to overall growth suggests that factors beyond capital and labor 
augment the productivity of regions. This is a central finding 

Figure 11. Solow Residual vs. GDP per Worker
Source: Author calculations
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of Hall and Jones (1999) in their examination of cross-national 
growth. In a reasonably homogenous state like Indiana, it seems 
unlikely that large institutional or social factors influence growth 
significantly, which is the result depicted in Figure 11. Only 4.0 
percent of growth from 2012 to 2015 falls into this unexplained 
category. This translates into roughly 0.4 percent of total GDP, or 

about $1.32 billion. This is then about $2.8 million per Indiana 
county in each of the years that could be explained by variable 
unrelated to education, total workforce, or capital investment. 
This is non-trivial, but it is not large.

Summary of Key Points
This study illustrates the vast explanatory power of economic 

models applied to newly supplied data on county-level gross 
domestic product (GDP) produced by the U.S. Department of 
Commerce. In this paper we model growth in GDP from 2012 to 
2015 as a function of capital, labor, and then human capital and 
spatial effects. The model that best explains growth is the simple 
measure of capital, human capital and labor in this extension of 
Solow’s (1956) growth model. 

We then relied on simple correlations from within the model, 
to evaluate the many results. Finally we extended our analysis to 
compare model results (marginal rate of technical substation) with 
external data on the risk of automation-related job losses. In this 
study we confirm or uncover several critical features of the Indiana 
economy that must be considered when developing public policy. 

• Agglomerations matter. We find that more densely populated urban 
places tend to generate increasing returns to production, and thus act 
as fuel to economic growth. This has long been understood (Marshall, 
1890; Krugman, 1991, Moretti, 2012 and in Indiana with Hicks and 
Terrell, 2017). 

• At the margin, labor, and human capital play a larger role in the 
production of GDP than does capital. A 1.0 percent increase in each of 
these grows GDP by 0.75, 0.54, and 0.18 percent respectively. People, 
not machinery, drive economic growth. 

• Human capital transmits effects across people and capital, but we did 
not further examine its effects because it is a much longer-term issue 
that current data availability does not support. 

• Capital subsidies offer some short-term effect on local economies, but 
the economic effects of incentivizing human capital is much higher. 
Incentivizing people is more effective on growing an economy than 
incentivizing capital. This confirms Faulk and Hicks (2010; 2013) and 
Hicks and Faulk (2011). 

• Counties with higher levels of GDP also have more productive work-
ers than do low GDP counties. This is due to higher levels of human 
capital in these counties. This confirms Moretti, (2012); but may be 
changing in ways that are not yet apparent in these data (Autor, 2019).

• Across Indiana, workers and households are migrating to more produc-
tive places. These are locations where higher skills command better 
pay in labor markets. Likewise, capital is flowing primarily into places 
where it is more productive. 

• Property tax abatements are being used more heavily in the places 
where additional capital investment will be the least productive in the 
state. This is not optimal from an economy-wide standpoint, but may 
be evidence that capital location is affected by subsidies (Bartik, 2018; 
Faulk and Hicks, 2013). 

• In evaluating the level of substitutability between capital and labor, we 
find that places with more substitutable capital and labor forces also 
experience higher levels of automation-related job risk (Devaraj, et. al., 
2017). This bolsters the clear observation that workers with a high share 
of tasks that are more easily substitutable by machinery are at greater 
risk of automation-related job losses than workers for whom capital is 
more complementary. 

• Counties with lower levels of educational attainment also have capital 
and labor structures that are more substitutable. Thus, lower levels of 
education increase automation risk. This is as illustrated by Devaraj, et. 
al. (2017) and Muro, Maxim and Whiton (2019). 

• Unexplained economic growth comprises a small share of overall GDP, 
but is highly correlated with GDP per worker. This suggests that other 
factors (e.g. social, cultural, land use, etc.) play some modest role in 
direct GDP growth. We acknowledge, but did not further evaluate the 
indirect role these factors may play in GDP differences across the state. 

This policy brief covered significant ground in evaluating the 
state’s economy using a new data series. Many of the reported 
results are not surprising. The novelty of the analysis is in its sim-
plicity and clarity. Policymakers who view economic development 
as akin to business marketing should find it interesting that nearly 
96 percent of GDP differences over a short period can be explained by 
such simple measures as gross assessed value, total labor, and the number 
of workers with a BA degree or higher. This simple observation should 
also lead to a comprehensive review of policy. 

Indiana heavily incentivizes physical capital. That process is clearly 
less effective in growing GDP than incentivizing improvements in 
human capital. Moreover, there is evidence that the capital subsidies 
distort the location of economic activity, diverting more capital to less 
productive places. While this might increase economic activity in the 
short run, over the long run it likely introduces higher levels of capital 
into production processes that view labor as a substitute to capital, 
not a complement. Over the longer run this will reduce employment 
in those locations. At the state level, the relative reduction in educa-
tional investment will likely slow GDP growth in the coming years, 
and contribute to economic divergence. 

Such ineffective public policies as direct capital investment may 
be politically expedient, but they will not improve long-run eco-
nomic conditions in Indiana. Thus, they should be reconsidered 
in light of overwhelming evidence of their failure when compared 
to alternatives that are more effective.
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