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In this study I build a performance index that is based on different human capital components,
as well as differences in the distribution of these components and of their returns between
different genders and ethnic groups. The index can be calculated for individual industries in an
economy; it can also be calculated for global economies. It facilitates the comparison between
the performance of different economies; and it can be used to study the changes in individual
industries within an economy, that might be differently affected by economic, health, and social
changes. As an example, I implement the index to study the US economy around the period of
the COVID-19 global pandemic, to observe the different effects of the pandemic on the different
industries of the economy.

1. Introduction
To gauge the performance of the whole economy, as one composed of different industries,
and to facilitate comparison between the different industries and the efficacy of governmental and
nongovernmental programs to revamp these industries, I provide a performance index (PI) which is
based on different measures of schooling, skill distribution, earnings inequality, wage discrimination, occupational segregation, and employment inequality within the unit of analysis, such as within
a particular industry in the economy, within a particular region, or within the country. The standardized, normalized PI is comparable across times, industries, and countries.
The proposed index lies in the interval [0,1], with higher values associated with better performance within the unit of analysis—in terms of skills, discrimination, inequality, and occupational
distribution, among other factors. The PI also indicates the realized portion of the maximal potential
compensation in the unit of analysis—so that if the average compensation in some industry is, say,
100 and the PI=0.5, then the maximal potential compensation or productivity in that industry is 200.
As an example of applying this new methodology, I apply it to US data, using the Current Population Survey, for the years 2000 to 2020. In this application the unit of analysis is industry. The
estimated values of the index are reported for each of the 40 industries in the last 21 years, and
a weightedaverage of these indices—called the “economy index”—is also calculated for each year,
and is used to show whether any industry is cyclical, acyclical, or countercyclical over the study
period. A specific case is studied, namely the comparison between the agricultural sector and the
finance sector, where stark and statistically-significant, long-term differences are plotted, and estimated. The finance industry shows better performance and higher compensation, yet more room
for improvement than the agricultural sector.
The reported industrial state will serve as the benchmark for future comparisons. For example,
the coronavirus pandemic era is taken as an important application of this method: we can learn
about the industrial adjustments during the COVID-19 pandemic, by comparing the current findings
and measures with their post-pandemic counterparts (see, for example, Shin, Kim, and Koh 2020).
Since the pandemic confronted the world with inevitable yet tough decisions about the tradeoff
between saving lives versus saving the economy (Robalino 2020), we expect that industries which
were deemed or discovered to be essential, the Achilles heels of the economy, during the pandemic
will benefit from increased attention and investment from the government and the public, such that
their performance index would increase substantially when measured in post-pandemic periods.
Traditional industries like the health sector, agriculture, food manufacturing and services, retail
trade, telecommunications, and social assistance, that are usually overlooked, would likely fall
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in this category. The immense importance of these industries was manifested in the mandate for
these industries to continue functioning, even when the rest of the economy was under pandemic-induced lockdown.
Likewise, given the likely shift in the conditional and absolute labor demand curves in the
main industries due to the pandemic, we expect an increase in the absolute wages of their employees. For the longer-term we might expect capital-saving technological changes, which furthers the importance of labor in these industries, that manifests in higher employment and wage
levels.
Other dimensions of the industries can be explored through changes in the provided index,
for example whether industries in which work can be done from home would be found to perform
better during, and after, pandemic-hit periods or other recission-hit periods (Adams-Prassl, Boneva, Golin, and Rauh, 2020).
The rest of the paper is organized as follows. The next section outlines the methodology used
to build the performance index, and the different approaches of calculating it. Section 3 describes
the data used in the offered example from the US economy in the last two decades, applies the
proposed methodology, and reports the main results from this application. It also discusses two
industries, namely agriculture and finance, in more detail as a special case. Section 4 concludes.
2. Methodology
The overall index of the healthiness of any industry 𝑖 is given by the Performance Index 𝑃𝐼,
which is a function of some sub-indices, 𝑃𝐼 = 𝑓(𝐼1, 𝐼2, 𝐼3, 𝐼4, 𝐼5, 𝐼6). The preferred functional form,
similar to other indices in different contexts, is the geometric mean of the sub-indices. That is,

which is the geometric mean of the given sub-indices, that relate to the skill, earnings, and
occupational distributions across gender and ethnicity or race, within each unit of analysis (industry, region, county, district, or country, among other examples)1. This form of the performance
index is similar to that of the Human Development Index that is devised by the UN to assess the
development of countries2. It is also possible to use a more conservative measure of 𝑃𝐼 that relies
on the harmonic mean of the sub-indices—where the harmonic mean is the reciprocal of the
arithmetic mean of the reciprocals of 𝐼1, … , 𝐼6. That is,

Alternatively, even a more conservative measure of 𝑃𝐼 can be calculated from a spider diagram of the individual indices. In particular, 𝑃𝐼3 is the share of the area enclosed by the six indices
from the full area of the diagram (hexagon). It is easily shown that 𝑃𝐼3 can be expressed in terms
of the individual indices as follows:

1
2

Notice that the terms “minority,” “ethnicity,” and “race” are interchangeably used, to mean the same thing based on
the particular context and application.
Explanation of the human development index and its uses is found at the UNDP page here: http://hdr.undp.org/en/
content/human-development-index-hdi (last accessed Sep-1-2020).

21

This last measure is the least recommended, because it depends on the order of the indices
(that is, if 𝐼5, say, is listed after 𝐼1 instead of after 𝐼4, the value of 𝑃𝐼 will change in unpredictable
directions). The six sub-indices that are used to define the 𝑃𝐼 are explained below. In what follows, I use “industry” as the unit of analysis, without loss of generality of applying the 𝑃𝐼 index
to any unit of analysis—whether industry, local labor market, region, county, district, country, and
the like.
𝐼1, mean years of schooling index:

highest schooling level attained 𝑖. The highest schooling level of the recoded schooling variable in the CPS data is 20, so I use the number 20 in the denominator of this index.
𝐼2, the share of skilled workers in industry 𝑖, where “skilled” is defined as having 12 or more
years of schooling.
𝐼3 = 1 − 𝐼𝑆𝑖, occupational segregation within industry. 𝐼𝑆𝑖 is the average of the gender and ethnic
index of segregation (occupational segregation) in industry 𝑖. The segregation index is defined as
the percentage of workers of one group (respectively, female or minority workers) who have to
switch occupations in order to be equally distributed across occupations as their counterpart
workers. So,

𝐼4 = 1 − 𝑊𝐺𝑖, wage gap.

where 𝑢𝑖 = U𝑖 / G𝑖 and 𝑈𝑖 is the unexplained wage gap from an Oaxaca-Blinder decomposition
of the wage gap in industry 𝑖, using a basic Mincerean log-hourly-wage equation that controls for
a parsimonious set of demographic variables—in this study we control for the years of schooling,
potential experience, squared experience, and union membership. For gender-gap decomposition, we also control for ethnicity; and for ethnic-gap decomposition, we control for gender. 𝐺𝑖 is
the gross (observable) wage gap between the respective groups within industry 𝑖. The measure 𝑢𝑖,𝐽
(𝐽 is either gender or ethnicity) is bounded by zero from below, and by one from above.
𝐼5 = 1 − 𝐺𝐼𝑁𝑖, the unexplained earnings inequality. 𝐺𝐼𝑁𝑖 = 𝐺𝑖 − 𝐺̂𝑖, where 𝐺𝑖 is the Gini coefficient
calculated over the actual (log) weekly earnings in industry 𝑖, and 𝐺̂𝑖 is the Gini coefficient calculated over the predicted wages in industry 𝑖, calculated from a Mincerean logweekly-earnings
equation, with all the above control variables as regressors, in addition to gender, ethnicity, and
the weekly working hours.
𝐼6 = 𝑖𝑓𝑖+2𝑖𝑚𝑖, average share of female and minority workers. Where 𝑖𝑓𝑖 = 1 − |𝐹 − 𝑓𝑖|, and 𝑖𝑚𝑖 =
1 − |𝑀 − 𝑚𝑖|. The variables 𝑓𝑖 and 𝑚𝑖 simply stand for the share of female and minority workers,
respectively, in industry 𝑖. 𝐹 and 𝑀 are the respective shares of female and minority workers in
the whole sample (or the population).
For each industry (unit of analysis) we also define the following measures: overall hourly com-
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pensation, the “real” (working hours) weight of the industry, and the “monetary” (earnings) weight
of the industry. In particular:

𝑊𝑖, industry hourly compensation,

Likewise, the overall hourly compensation, 𝑊, is defined as the total earnings across all industries divided by the total working hours in the economy.

𝑟𝑤𝑖 is the “real” weight of the industry, in terms of total working hours: 𝑟𝑤𝑖 =
𝑚𝑤𝑖 is the “monetary” weight of the industry, defined as: 𝑚𝑤𝑖 =

Note that the overall hourly compensation in the economy, 𝑊, can be calculated as:

The observed hourly compensation in each industry, 𝑊𝑖, is proportional to the maximal potential hourly compensation of the industry, with the proportion being the performance index.
The simplest linear form of this relationship is the following:
𝑊𝑖 = 𝑃𝐼𝑖 × (Maximal Potential 𝑊𝑖).

The maximal potential hourly compensation of an industry, denoted by 𝑊̅𝑖, is fully realized
only when the performance index, 𝑃𝐼𝑖, approaches, or is equal to, one—that since the complete
equality and the optimal levels of skill are necessary conditions for the economic potential to
materialize (Asali and Gurashvili, 2020). If we assume that the maximal potential hourly compensation of industry 𝑖 is fixed over time—that is, 𝑊̅𝑖,𝑡 = 𝑊̅𝑖, then we can identify it by estimating the
following equation, over the whole period of analysis:
𝑊𝑖,𝑡 = 𝛾𝑖 × 𝑃𝐼𝑖,𝑡 + 𝜀𝑖,𝑡,

separately for each industry 𝑖, for 𝑡 = 1,2, … , 𝑇. The 𝜀𝑖,𝑡 being a white noise innovation, the estimated 𝛾̂𝑖 is the consistent measure of the potential maximal hourly compensation in industry 𝑖,
Finally, the healthiness of the overall economy is summarized by the Economy Index which is a
weighted average of the different performance indices across all the units of analysis (whether
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industries, geographical regions, counties, districts, etc.):

where 𝑤𝑖 is the weight of industry 𝑖, which can be the real weight of the industry (𝑤𝑖 = 𝑟𝑤𝑖) or the
monetary weight of the industry (𝑤𝑖 = 𝑚𝑤𝑖).
3. Data, application, and results
Data
I provide an application of the PI index using Current Population Survey (CPS) US data. In particular, data about the outgoing rotation group (ORG) of the CPS, for the years 2000 to 2020, are
used to estimate the industrial 𝑃𝐼 indices of the different industries, as well as the whole labor
market1
The outgoing rotation group files, from 2000-2018, were obtained from the NBER data repository.2 ORG data for the months Jan/2019-Jun/2020 were extracted from the raw basic monthly CPS
data (the most recent of which are found at the US census bureau3).
Industries in which, in any specific year, there were less than 40 observations of the smallest
group (non-white female workers) were dropped from the analysis. “White,” for short, refers to
nonHispanic white workers. While the 40-observations threshold is arbitrary, dropping small cells
was necessary for the calculation of some indices, like wage gaps and inequality, which necessitated a sufficient number of observations. This resulted in a panel of 21 years and 40 industries.
The schooling variable was defined as follows: it takes the following levels (0, 2.5, 5.5, 7.5, 9,
10, 11, 12, 13, 14, 15, 16, 18, 20) for the respective levels of the original schooling variable (31, 32, 33,
34, 35, 36, 37, 38-39, 40, 41, 42, 43, 44-45, 46). To reiterate, the NBER-provided variable for schooling
(ihigrdc) was not used because it exhibited an unexplained discontinuity between the years 20142015, akin to a loss of one whole year of education for the average worker. Potential experience
was defined as 𝑎𝑔𝑒 − 𝑠𝑐ℎ𝑜𝑜𝑙𝑖𝑛𝑔 − 6.
For the lack of a clear analytical/parametric alternative, standard errors of the estimated indices, and the respective confidence intervals, were obtained through a bootstrapping procedure.
Application to the Agriculture and Finance industries

The agriculture and finance industries in the year 2010 are brought as a particular illustration
of the index calculation. For agriculture, the respective sub-indices calculated for this time period
are: 𝐼1 =
0.6059, 𝐼2 = 0.7815, 𝐼3 = 0.6369, 𝐼4 = 0.3597, 𝐼5 = 0.9920, 𝐼6 = 0.8417, hence the overall performance index, which is the geometric mean of the six sub-indices, is 𝑃𝐼𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝑢𝑟𝑒 = 0.670. The respective figures
for finance are: 0.7327, 0.9893, 0.7638, 0.512, 0.9823, 0.949, with 𝑃𝐼𝐹𝑖𝑛𝑎𝑛𝑐𝑒 = 0.801. Had the harmonic
(instead of the geometric) mean of the sub-indices been used, the performance index for each
industry would have been: 𝑃𝐼2,𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝑢𝑟𝑒 = 0.633, and 𝑃𝐼2,𝐹𝑖𝑛𝑎𝑛𝑐𝑒 = 0.778.

The six components (sub-indices) of the performance index can be expressed in a spider diagram, based on which a third way is suggested to calculate the overall performance index (𝑃𝐼3, as
defined earlier). Figure 1 below shows the spider diagram of the sub-indices for agriculture and
finance in 2010.
1
2
3
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Up to and including the last available data file of June 2020.
This is found at https://data.nber.org/morg.
https://www.census.gov

Figure 1: Spider diagram of component sub-indices 𝐼1, … , 𝐼6, Agriculture and Finance, 2010

𝑃𝐼3 can be calculated from the spider graph in Figure 1 by dividing the area enclosed by the
indices (for agriculture it is 1.2567, and for finance it is 1.7329), over the total area of the hexagon
(2.5981), which yields the estimates of: 𝑃𝐼3,𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝑢𝑟𝑒 = 0.4837, and 𝑃𝐼3,𝐹𝑖𝑛𝑎𝑛𝑐𝑒 = 0.6670.
Regardless of the measure adopted for the performance index, 𝑃𝐼 or 𝑃𝐼2 or 𝑃𝐼3, the finance
industry has a statistically significant higher index attesting to the fact that this industry is faring
better than agriculture. The spider graph makes this point more apparent, in that the finance
industry is faring better in almost all individual indices: skill level is higher and includes higher
share of skilled people, the overall share of female workers and minorities (non-white workers)
is higher and more equally distributed across occupations within the finance industry; moreover,
there is less unexplained wage gaps in this industry.
To statistically measure the differences in the overall performance indices across industries,
we calculate the performance index and its bootstrapped standard errors for each year from 2000
to 2020, for each of the 40 industries analyzed. Figure 2 below shows the case of the two industries studied above, agriculture and finance, as a special case.
Figure 2: The Performance Index (PI) for Agriculture and Finance, 2000-2020
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As can be seen in the graph, the finance industry is faring better than agriculture over the
past twenty years, with a whole 0.11 points gap; and the difference is statistically significant in all
periods. Furthermore, the performance index of agriculture is slightly more volatile, and is more
responsive to market changing conditions—for example, this industry has been hit much more by
the great recession, with long-term effects and a performance index that never reverted back to
its prerecession levels.
The Performance Index for All Industries and the Economy Index

We calculate the performance index for each industry for the last two decades. Data analyzed
for 2020 is just up to, and including, the month of June. Likewise, we calculate the economy index
(EI), which is a weighted average of the performance indices of all industries in a year—where
the weight of each industry is either the ‘real’ (working hours) weight, that is, the share of total
hours worked in that industry from the whole working hours in the economy; or the ‘monetary’
(earnings) weight.
The results are shown in Table 1 below.
In the last two columns we also report the linear (Pearson) correlation coefficient between the
economy index and the individual performance index of each industry. For the most part, for
about 70% of the industries, the correlation is positive, so that the performance index is cyclical.
Also, in 90% of the cases the correlation with the economy index has the same sign whether that
is the hoursweighted or the earnings-weighted economy index—and in the remaining cases the
difference in the correlation coefficient sign is inconsequential, because it occurs when both co-

efficients are not statistically different from zero. The construction and the telecommunication
industries are apparent examples of counter-cyclical industries.
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Hourly Compensation and Maximal Potential Compensation

The average hourly compensation in each industry, 𝑊𝑖, is calculated as the ratio between the
total weekly earnings in that industry and the total hours worked. We use the consumer price
index to adjust the hourly compensation rate for inflation, and use a real measure of 𝑊𝑖 which is
comparable over the years (all expressed in dollars of 2020). Likewise, we calculate the economy
real hourly compensation, which covers all industries combined. Finally, we also estimate the
maximal potential hourly compensation in each industry, 𝑊̅𝑖, by estimating the following regression equation, separately for each industry:
𝑊𝑖,𝑡 = 𝛾𝑖 × 𝑃𝐼𝑖,𝑡 + 𝜀𝑖,𝑡,

The estimate of the coefficient 𝛾𝑖 is the measured maximal potential hourly compensation for
industry 𝑖. In Figure 3 below, we plot all three variables (real hourly compensation, maximal potential compensation, and the economy real compensation), for all industries over the whole
period of 2000-2020.
Figure 3: Industry, Economy, and Potential Hourly Compensation, by Industry and Year

Some industries, like finance, insurance, and computer and electronics, among others, perform much better than the overall average, with uniformly higher average wage, that is slightly
converging to its maximal potential level. Other industries, like agriculture, personal services,
repair and maintenance, and social assistance, are characterized by lower hourly compensation
than the whole economy, and even by lower maximal potential compensation: so, even if these
industries perform better in terms of the performance index, driving the real hourly compensation to its maximum potential level, they will still exhibit lower real compensation than the whole
economy.
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A more important implication of the results is that, in many industries, the gap between
the actual wage and the potential one is substantial. This, in turn, means that there is a room
for improvement in these industries, by providing more training, increasing schooling levels, increasing equality in earnings, lowering gender and ethnic wage discrimination and occupational
segregation, as well as increasing the share of minorities and females working in these industries.
Industries that exhibit substantial potential increase in productivity include: utilities, chemical
manufacturing, transportation, telecommunications, machinery manufacturing, primary and fabricated metal products, and the construction industry.
4. Concluding remarks
This study offers a new index, the performance index (PI), that can be used to study the industrial structure of any economy, as well as its economic spatial structure (across regions, districts,
or counties), in a comparative study across countries and over longer periods of time. Changes
in the index can be used to study the effect of policies and programs aimed at revamping some
particular industries, local labor markets, or regions. The index lies in the interval [0,1], with higher values associated with better outcomes, and it is based on measures of schooling, skill distribution, earnings inequality, wage gaps, occupational segregation, and employment inequality
within units of analysis (for example within industries). The index can also be used to estimate
the maximal potential compensation in any unit of analysis (or industry), and as such to point out
to units or industries with more room for improvement.
As an illustration, we explored the industrial structure in the US economy in the last two decades, using data from the Current Population Survey. The analysis showed a wide spectrum of
results in different industries, from ill-performing industries (with low performance index levels)
like personal services, private households, repair and maintenance, and construction, to well-performing industries like finance, insurance, and educational services. The analysis also showed
that some industries like food, retail, manufacturing, and transportation are procyclical; others,
like agriculture, wholesale trade, plastic and rubber, and real estate, are acyclical; yet others, like
construction, paper and printing, and telecommunications, are countercyclical.
The index is universal, comparable across units of analysis and across time; within an economy, and over a cross-section of countries; and can be calculated from any standard household
survey data, income survey data, labor force survey data, or any similar survey data that are usually collected by official statistical agencies in all countries.
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