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Executive Summary

Opportunity

As industry labor needs change due to tech-
nological innovations and globalization, the
workforce development ecosystem aims to
support workers prior to permanent job dis-
placement. Historically, the U.S. has taken a
reactive approach to supporting workers after
job losses that result in negative outcomes
forindividuals, such as lost earnings, reduced
wages, health impacts, and long-term unem-
ployment!. A proactive approach achieved by
predicting the risk of worker displacement is
necessary to minimize these negative effects
and by providing support through programs,
funding, and policy to individuals at risk of
displacement.

Solutions

A Proposed Framework for Identifying
Worker Displacement Risk.

Many economists, scholars, and researchers
have analyzed the indicators and effects of
globalization and technology adoption? In-
stead of recreating similar research studies,
this paper discusses a framework comprised
of four categories that can be used by federal,

state, and local workforce development organi-

zations to further analyze displacement risk by
occupation and location. The categories are as
follows:

* Occupation Characteristics, or task com-

position and geographical constraints

* Technology Diffusion, or speed and
scope of adoption of labor-substituting
technology

* Economic Instabilities, or changes in
economic factors and industry trends
that influence the job market

* Labor Market Trends, or microeconomic
labor market dynamics
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This framework and its components can be uti-
lized individually or collectively to assess risk
of worker displacement.

An Initial Data Product and a Future Risk
Model.

An initial concept for a data product is dis-
cussed in this paper to provide context for
how more granular data can be used to con-
duct detailed analyses to determine worker
displacement risk. The initial concept focuses
on automation risk, as defined by occupation
characteristics that indicate that the occu-
pation can be automated. Though the initial
product only focuses on this one component
of the framework, additional analyses of other
components individually, within subgroups,
or wholly can be completed in the long-term
to develop a risk model. In the future, the
framework and risk model can be applied at an
individual and company granularity to provide
a more detailed assessment for displacement
risk.



Introduction

Displaced workers are defined by the Bureau
of Labor Statistics (BLS) as “persons 20 years
of age and over who lost or left jobs because
their plant or company closed or moved, there
was insufficient work for them to do, or their
position or shift was abolished®”. Individuals
who find themselves permanently dislocated
from their job face higher risks of lost earn-
ings, lower reemployment wages, impact to
physical and mental health, and long-term
unemployment®. This report focuses on iden-
tifying and classifying factors that influence
structural changes in the job market that lead
to permanent displacement so that workforce
systems can transition to a proactive approach
to support workers at risk of displacement.
One example of structural change to the labor
market is how a rapid adoption of e-commerce
platforms would reduce demand for a brick-
and-mortar shop, potentially leading to store
closure and subsequent layoffs. Conversely,
that same store may be impacted by seasonal
fluctuations in demand, adjusting their staff
accordingly. This paper aims to address the
former example of mass layoffs.

Today, worker displacement is primarily ad-
dressed in a reactive way in the United States,
with most of the support to those affected
being deployed after they are already unem-
ployed. For large-scale displacements, compa-
nies are required to file Worker Adjustment and
Retraining Notification® (WARN) notices, which
provides local workforce systems sixty days
advanced notice for mass layoffs, and the Em-
ployment Training Administration (ETA) creates
Rapid Response Teams® to support workers in
those situations. The intent of those teams is
“to help businesses and workers deal with the
effects of layoffs and plant closures,” not to
prevent them proactively’.

Instead, a proactive approach involves identi-
fying which individuals are at risk of displace-
ment. Risk identification needs to be specific
enough to support targeted policy and support
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programs, highlighting geographical areas and
occupations of interest. With the increasing
amount of data available from government
and private entities, declining costs of compute
capacity, commoditization of algorithms and
techniques to detect patterns in data, and wid-
er availability of professionals with expertise in
applying those resources make risk identifica-
tion a feasible endeavor, with great potential
to support workers and the workforce develop-
ment ecosystem.

The goals of this project are two-fold. First, this
paper advances a framework that contributes
towards a shared understanding of factors
that have predictive power when assessing
displacement risk. Second, it offers a roadmap
encompassing recommendations for an initial
data product, modifications to existing data
sources to better support proactive approach-
es, data requirements for a risk model, and
policy recommendations. Stakeholders and
potential target user audiences for this report
include workforce development boards, the
division of Employment Training and Admin-
istration, the Innovation Office, the Office of
the Secretary of the Department of Labor, the
Department of Commerce, and the National
Economic Council and the Office of Science and
Technology Policy of the White House.

A Vision for Detailed Data and Proactive De-
cision-Making

The COVID-19 pandemic has made more evi-
dent that policymakers and public workforce
organizations must support workers and
employers amidst a changing labor market,
shifts in the political environment affecting
policy, and fluctuations in the macroeconomic
landscape. As federal and local parties in the
workforce development ecosystem aim to
implement proactive measures to address the
risk of worker displacement, there must exist a
system and a data-driven framework that can
be used to provide insights to inform policies,
such as the Workforce Innovation and Oppor-
tunity Act (WIOA) and the Trade Adjustment



Assistance Program (TAA), and to begin to tran-
sition to targeted proactive support for workers
at risk of displacement. Workforce develop-
ment boards play an especially important role
in assisting workers and employers through
localized plans for economic development,
workforce training and services, and funding al-
location for education and support programs®.
Two of the core activities of workforce develop-
ment boards that are aligned with supporting
workers with high risk of displacement are (1)
allocating funding for training and education
and (2) deploying worker transition programs.

Today federal, state, and local workforce or-
ganizations use data to drive decision making.
The robust data systems within the U.S. De-
partment of Labor provide an avenue towards
more granularity in understanding worker
displacement risk - for a region, a county, and
eventually, a company and individual. This pa-
per discusses both a starting point for an initial
data product concept and a risk model that can
be used to assess displacement risk by geogra-
phy and occupation, with the long-term goal of
being able to understand risk for a given com-
pany and individual within a local economy.
One example of how this data can be used by
state and local workforce development boards
is to avoid funding programs for jobs that are
at high risk of technological displacement and
support worker transition programs to “good”
jobs in high demand within the local economy.
Additional use cases are explored within this
report.

Data & Methodology

Identifying Worker Displacement Risk

The proposed framework is composed of four
factors that are thought to affect work displace-
ment: economic instabilities, labor market
trends, occupation characteristics, and tech-
nology diffusion. Each factor also serves to cat-
egorize data sources, as seen in Figure 1. While
we acknowledge that there are multiple factors
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that affect displacement, and many ways in
which those factors could be organized, the
categories below were designed to support an
initial approach to assess which workers are

at risk of displacement by understanding the
local labor market, analyzing the probability of
adoption of labor-substituting technology, and
assessing cost and benefit factors that impact
a firm’s decision to invest in digital or mechan-
ical automation, or to consider offshoring or
out-of-region outsourcing.

A central reason for focusing on labor-substi-
tuting technology is that this type of technolo-
gy is considered a process innovation and has
changed the labor market significantly in the
last century, making it a trend to watch in the
next few decades. In this report, labor-substi-
tuting technology refers to both mechanical
automation, which includes industrial robots,
and digital automation, which includes soft-
ware-based robotic process automation (RPA),
mobile apps and web-based applications, and
machine learning algorithms. While the net
effect of technology in employment levels in
the long term is a subject of intense debate by
scholars and researchers, the consensus is that
occupations will change in significant ways as
technology is adopted, causing disruptions

in job market and impacting the livelihood of
many individuals®.

Figure 1. Worker Displacement: A
Framework

Economic
Instabilities

Occupation
Characteristics

Technology
Diffusion
Indicators

Labor Market
Trends




The first factor, occupation characteristics,
encompasses data sources with information
about task composition and geographical
constraints of an occupation that determine
the technical feasibility of automation, com-
puterization, or offshoring. The core hypothesis
for this factor is that occupation characteristics
can inform worker susceptibility to displace-
ment due to automation, computerization, or
offshoring. One specific example is that many
automation risk indices quantify what percent-
age of tasks within each occupation can be
automated?®.

The second factor, technology diffusion, is
about the speed of adoption of labor-substitut-
ing technologies in a geographical area and the
scope of its implementation. A key hypothesis
connected to this factor is that identifying and
researching new investments in technologies
within a geographical area is helpful in assess-
ing risk of technology-driven worker displace-
ment. A linkage between technology diffusion
and worker displacement has been established
using econometric models''. Although such
models typically rely on ten or more years of
data, watching this trend could help corrobo-
rate or challenge an assessment based on task
composition.

The third factor, economic instabilities, in-
volves major changes in macroeconomic
factors and industry trends that may influ-
ence a firm’s decision to invest in automation,
computerization, or offshoring. The hypothesis
at the foundation of this factor is that changes
in macroeconomic conditions influence pro-
ductivity per worker and costs associated with
business investment decisions. For example,

a decrease in the cost of capital or arise in the
quantity of capital could make automation pos-
sible and more desirable?.

The fourth factor, labor market trends, is de-
fined as changes in microeconomic labor mar-
ket dynamics that can be influenced by tech-
nology diffusion and economic instabilities. A
central hypothesis underlying this factor is that
a holistic analysis of labor market variables,
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including employment, unemployment, labor
demand, hours worked by an individual, la-
bor force participation, job loss, wages, and
mismatch between unemployment and job
vacancies, is essential not only to identify local
economies facing new challenges, but also to
uncover correlations to worker displacement.

Framework Applications and Complexities

Factors in the proposed framework can be
used in isolation, in subgroups, or altogether to
conduct analysis (see Exhibit 1 in Appendix for
framework datasets). An initial product con-
cept, which relies on an automation risk index
within the Occupation Characteristics factor is
discussed later in the report, while case stud-
ies throughout the report exemplify how part
or all factors of the framework can be utilized
by parties within the workforce development
ecosystem. Additionally, the framework can be
used to develop a predictive model to assess
risk of displacement, though there are some
complexities.

Applications of the framework may be com-
plicated when considering variations by indi-
vidual workers or individual companies. For
instance, all factors in the proposed framework
could assign a high risk of displacement for

a group of individuals and significant varia-
tions could be identified when looking at each
person in that group separately. This is not to
say that a useful model is not achievable, it

is simply to acknowledge the complexity of a
prediction that involves a human being at the
most granular level. Similarly, when looking at
specific employers within a narrow geography
scope, we could see variation between the
average risk assessed and the actual risk for
specific facilities. Management approach, busi-
ness strategy, and labor-capital relationships
could make a company expand and hire while
others in the same region, industry, and cate-
gory falter. There are cases of companies that
adopt labor-replacing technologies and keep
the headcount while gaining market share and
productivity®3.



A Case Study

New America Shifts Communities
Towards Automation Resiliency
Plans

New America’s ShiftLabs program
partners with communities who seek
to prepare for the future of work and
address labor market challenges driv-
en by new technologies. The program
takes a local lens by piloting automa-
tion response planning within three
cities, Phoenix, South Bend, and In-
dianapolis, that each has unique his-
tories and characteristics that define
their local economies. To develop
automation resiliency plans within
each context, ShiftLabs provided in-
dividual, localized data on the impact
of technological change on skill re-
quirements of local occupations and
the risk of automation. In two cities,
it was the first time workforce leaders
were seeing these kinds of reports,
and they used them to drive action.
“In Phoenix, for instance, when Shift-
Labs presented automation impact
data on the region’s retail sector, the
local Workforce Investment Board be-
gan to investigate whether to provide
government retraining funds to the
retail sector. Small, concrete actions
matter, whether they involve a local
partnership revising its strategic plan,
a local job fair asking its network to
add a program or handout about what
“future-proof skills” are, or a local Ro-
tary meeting inviting a speaker on the
topic*”

Additionally, remote and hybrid work arrange-
ments can add complexity to the occupation
characteristics component of the framework.
Although the long-term impact of the pandem-
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ic on remote or hybrid work is not yet clear,
potential changes in the number of individuals
who work in those arrangements need to be
considered when attributing displacement risk
of an occupation to a particular geographic
area. Both forms of non-presential work fit in
the Labor Market Trends factor of the frame-
work, and the extent to which an occupation
can be performed remotely is a variable of the
Occupation Characteristics, another factor

on the framework. However, both changes in
where the work is being performed add com-
plexity to how geography is considered in a
displacement risk analysis. Although the task
composition of occupations may not have
changed significantly during the pandemic,
the instability produced by lockdowns forced
employers and employees to test, in practice,
the occupation characteristics connected to
outsourcing and offshoring, and very likely
changed the way employers decide which po-
sitions allow remote and hybrid work and the
way employees assess the desirability of a job
role.

Initial Product
Concept

A technology-centric approach to worker
displacement is a primary focus in the first
step towards building a worker displacement
risk model. The occupation characteristics
component of the framework can be utilized

to develop aninitial product concept to assess
the concentration of occupations with high risk
of automation within their communities. High
risk of automation is defined as occupations
where it is technically feasible to automate
more than 75 percent of tasks'>. Temporarily
narrowing the focus to automation risk allows
for a testing ground by including a new and
simple dataset and framework into the analysis
and decision-making processes of state and
local Workforce Development Boards.



Data sources

The Department of Labor has an available data
source, the O*NET Database with a Degree of
Automation categorization, which assesses the
risk of automation for an occupation following
the Standard Occupation Classification (SOC)
by quantifying the percentage of tasks that can
be automated within each occupation. In com-
bination with employment statistics by occupa-
tion within the Bureau of Labor Statistics’ (BLS)
annual Occupational Employment and Wage
Statistics (OES) tables, a heat map visualization
is recommended to determine counties with
higher concentrations of highly automatable
jobs (Figure 2).

Figure 2. High Automation Risk by
County

Image Credit: Federal Reserve Bank of St. Louis

Additional visualizations of how those em-
ployed in occupations with high risk of auto-
mation rank with respect to wage distribution,
education attainment, unemployment, and
other informative labor market and socioeco-
nomic statistics obtainable through OES and
the BLS Current Population Survey (CPS) can
be accessed within each county to complement
analyses conducted by Workforce Development
Boards.

Use Cases
Two key user pathways that exist in the current

set of responsibilities of Workforce Develop-
ment Boards include (1) supporting worker
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transition programs to in-demand jobs, and
(2) assess funding allocation for training and
education. This tool can aid in these processes
by helping Workforce Development Boards
deprioritize funding for occupations with high
risk of automation and identify counties in
need of automation resiliency plans, noting
that the plans will vary based on the needs of
each community. For example, resource-rich
communities whose strengths lie in training
the labor supply would benefit from a differ-
ent approach than bolstering urban centers
who should prioritize creating equitable path-
ways for all individuals, or distressed rural
communities that should prioritize building
foundation skills and attracting capital for
new investments connected with economic
development!®. Identification of counties and
occupations with higher risk of automation is a
first step, followed by the assessment of labor
market trends, indicators of technology diffu-
sion, local macroeconomic trends, and social
health and mobility factors for individuals in
those occupations. Consequently, the initial
product concept and a corresponding analysis
of the framework components can be used

to develop a tailored automation resiliency
plan for each community, comprised of small
actions that reinforce a proactive approach.
Some examples are shared in the highlighted
case studies.

Required data source modifications

To obtain occupation specificity, six-digit SOC
codes should be utilized to connect O*NET,
OES, and CPS data tables by occupation.
O*NET and OES can currently be connected
utilizing the 6-digit occupation code, while CPS
remains at 2-digit occupation classifications.
Additionally, OES lacks an adequate sample
size that can produce statistically representa-
tive data at the county-level. To accommodate
for the issue, OES creates clusters of counties
in metropolitan and non-metropolitan areas
that can intermediately be used to create heat
maps of automation risk at the county-group
level. To achieve county-level granularity, BLS



could increase the sample size for the OES data
set. BLS could also increase the data collection
cycle for OES from annually to quarterly to pro-
duce an automation heat map more frequent-
ly. These changes prioritize county - 6-digit
occupation - quarterly data in the short term
while envisioning more granular individual and
company data in the long term.

Risk Model

Framework application

The first step towards building a risk model for
worker displacement is to acquire a dataset
that has the independent variable that is indic-
ative of the prediction being attempted: worker
displacements. A dataset with a structure that
includes displacements and time is a starting
point for validating theories and for testing the
predictive power of any of the variables within
the displacement framework we are proposing.
For that purpose, a time series with quarterly
measurements of displacement is recommend-
ed. In addition to that, to obtain a level of gran-
ularity that will support local organizations in
the workforce development ecosystem, a third
column in the baseline dataset would contain
the US county where the displacement was
measured.

Following the occupation-centric structure of
the framework proposed, and because occupa-
tion characteristics open several possibilities
of features with predictive power, the fourth
column in the initial dataset should contain
occupation information in the form of a six-dig-
it standard occupational classification (SOC)
code. The structure of such dataset is repre-
sented in Figure 4. The basic dataset would
then be enriched with columns that would
cover more factors of the displacement risk
framework.
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A Case Study

Ivy Tech Identifies Gaps in Training
Talent for Local Business Needs

Community colleges play an important
role in developing the local workforce
to meet the needs of local businesses,
while offering opportunities for afford-
able postsecondary education as step-
ping stones to both careers and degrees
at four-year universities. Community
colleges are often assessed and qualified
by Workforce Development Boards as El-
igible Training Providers (ETP) to obtain
support and funding from WIOA. This
funding is used to offset the cost of in-
dividuals participating in programs with
credentials that are government- and
industry-recognized and sought out by
local businesses. Leaders in community
colleges take responsibility for preparing
the students for locally available careers,
both by taking input on the designs of
their programs from local business own-
ers that often sit on advisory boards and
by assessing granular workforce data to
allocate funding for their programs. For
example, Ivy Tech Community College
“decided to cut the interior design and
culinary arts programs at the Columbus
campus, which had flat enrollment, low
employer demand, and low wages in the
area, and redirected resources into the
high-demand fields of manufacturing
and healthcare!™. This case illustrates
how with supporting data, colleges can
prepare for growing occupations and de-
prioritize programs for stagnating occu-
pations.




Figure 4. Initial dataset for risk model
development.

Displacements | Quarter | Occupation | County

Collinearities

Variables across framework factors could be
collinear (or multicollinear), meaning pairs
of variables could be linearly predicted from
one another®. Although this is always some-
thing to watch when attempting to develop a
multi-variate regression model for displace-
ment risk, the goal is to predict the outcome
variable (displacement) with any bundle of
variables from multiple factors of the frame-
work, without particular concern for which
individual predictors had an effect and without
concern around which framework variables
could be redundant.

Dataset enhancements

A data source that tracks displacements over
time and that is made available by the BLS/
Census is Displaced Worker survey, a supple-
ment added every two years to the Current
Population Survey (CPS). In addition to offering
displacement information over time and by
census region, this dataset offers a breakdown
by two-digit occupation, industry information,
reemployment status, and demographic infor-
mation.

Although the questions used in this supple-
ment are detailed enough to differentiate
displacement from unemployment in general,
two improvements are needed on the worker
displacement dataset to be applicable to the
risk model envisioned. First, displacement
data should be collected more frequently, by
calendar quarter as a starting point. Second,
higher sample sizes would be needed to allow

displacement measurement at the county level.

Table 1 summarizes the changes in the dataset,
comparing current collection granularity and
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recommended collection granularity.

Table 1. Modifications to the worker
displacement dataset

Worker Displacement

Biennial (every two years) Quarterly

Two-digit occupation area Six-digit occupation area

Census region County

Given the complexity and cost of the higher
sampling and frequency, other sources for
worker displacement data should also be
investigated, including potential proxies to
displacement based on employment statistics,
unemployment insurance claims tables, and
employer payroll data.

Dataset Limitations
and Recommended
Enhancements

While the Bureau of Labor Statistics and the US
Census offer a wealth of structured data at no
cost to the general public, three types of lim-
itations have surfaced in the research for data
sources to support the framework for displace-
ment risk. First, most of the above datasets
have occupation information at a level of gran-
ularity that is too high, typically at the two-dig-
it level of occupations, which identifies less
than a dozen occupations. Some data sources
have no occupation information at all. Second,
geographical information is often high-level, at
the country region or state levels. Exceptions
were found where information is associated to
more specific geographies, like micropolitan
areas with 10,000 or more inhabitants, as is the
case of the Local Area Unemployment Statis-
tics (LAUS). However, even in those cases, the



occupation specificity was not enough to allow
links to other sources using a six-digit SOC
code. Third, some datasets are constrained due
to the method and frequency of data collec-
tion, at times making the number of observa-
tions very limited, and at times only allowing
for trend analysis with a time scale measured in
decades. Exhibit 2 in the Appendix summariz-
es the enhancements proposed, organized by
framework factor.

Additional modifications are recommended
for datasets specific to the framework compo-
nents. For economic instabilities, an expansion
is proposed to BLS’ Productivity and Cost Mea-
sures, which today are available at the state
level, so that both measures become available
at the county level. For labor market trends, we
recommend enhancements to the Job Open-
ings and Labor Turnover Survey (JOLTS) and to
workforce-related CPS tables to include six-dig-
it SOC code. Finally, to get a sense of technol-
ogy diffusion, it is necessary to know what
investments are being made, which types of
labor-replacing technology is being deployed,
and what occupational tasks each technology
is performing. For that, we proposed that the
Census Annual Business Survey (ABS) expands
the questions around investments in technol-
ogy even further, and focus on technologies
adopted specifically to replace labor. Another
dataset that could better support technology
diffusion indicators is BEA’s Fixed Private In-
vestments, if the dataset were to be expanded
to include the purpose of the new investments,
in ways that would indicate which types of
tasks it would potentially substitute.
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Conclusion

Next Steps and Considerations

Prior to developing an initial product concept
and a risk model for the assessment of worker
displacement, it is important to understand
more deeply the current consumption of data,
specifically federal data products, by workforce
development boards. Programs such as New
America’s ShiftLabs, highlighted in the case
study, demonstrate opportunity for an initial
product to be vetted by communities grap-
pling with how to prepare for future of work
challenges. As many scholars and researchers
continue to study the effect of technology and
globalization and the nuances of local indus-
tries on the labor market with more and more
conclusions, the challenge of disseminating
this research into actionable agendas tailored
to specific communities continues to grow.
Therefore, a suitable first step towards design-
ing a more robust risk model that begins to
incorporate complex economic findings could
be to develop a wireframe that demonstrates
and tests the uses for the initial product con-
cept. A follow-on step would be to present the
framework to workforce development boards
as an approach for deeper analysis of risk at
the local level, along with support and partners
for them to conduct analyses within each of the
components in the framework. Lastly, but most
importantly, as any risk model developed must
be one that can be validated, any sponsoring
entity should explore costs and methods of
expanding specific datasets outlined earlier in
the paper to account for developing an inde-
pendent variable and building county and oc-
cupation code granularity and quarterly update
frequency into the data.

Further considerations include how a worker
displacement risk framework can be married
with an assessment of emerging technologies
and the resulting shift in occupational skills
to promote equitable approaches to prepar-
ing the local workforces. Deploying resources
to any subset of a population comes with the



potential to amplify, support, or dismantle
structures of power and inequalities. Although
data have no agenda nor opinions when seen
in isolation, the selection and interpretation of
data is subject to all kinds of human bias. Any
effort to ensure that resources are deployed

in an equitable way begins with an equitable
identification of those at risk. And since many
of the variables listed in this report correlate to
race, gender, and other socio-economic factors,
itis imperative to study the potential impact
that every methodology or risk model has in
terms of equity and structural injustices.
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Appendix

Exhibit 1. Framework for Worker Displacement Risk & Datasets for Conducting Analysis

ONET Degree of Automation,
BLS Occupational Employment
and Wage Statistics

BLS State-level Labor Productivity and Cost
Measures, COMTRADE, IBISWorld

Occupation Economic
Characteristics Instabilities

Task composition and Changes in economic
geographical constraints factors and industry trends

q that influence the . . . .
BN me

Employer Characteristics

and Financials Technology Labor Market
Diffusion Trends

Speed and scope of Microeconomic labor
adoption of market dynamics
labor-substituting
technology

Individual

International Federation

of Robotics,
Census Annual Business Survey,
BEA Fixed Private Investments

BLS Current Population Survey (CPS)
Burning Glass Real-time job demand
JOLTS for job vacancies

BLS OES

Exhibit 2. Proposed Enhancements on DOL Datasets for Application to Risk Model

(nitial Product:

Dashboard with High-risk Occupations by County

* Increase data collection (sample size and frequency) to
support county-level granularity and quarterly updates in
BLS Occupational Employment and Wage Statistics (OES)

~,

Analysis of Macroeconomic Factors that May Impact
Occupations in Specific Regions and Industries

¢ BLS State-level Labor Productivity and Cost Measures need
to be expanded to achieve county granularity

Occupation Economic
Characteristics Instabilities

s ling o Labor Market \

Diffusion

Geographical Analysis of Technology Diffusion Indicators

Trends

Labor Market Trend Analysis by Occupation
And County

* Census Annual Business Survey, include questions
that determine specificity and purpose of employer
investments in new technology

* BLSJOLTS and CPS need to be updated to include 6-digit

» BEA Fixed Private Investments can be updated to include occupations

the company's purpose for the new investments

/
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