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Abstract: With the economic upheaval brought by COVID-19, it was very difficult to understand
economic events as they unfolded in real time, during unprecedented pandemic conditions. Since
existing methods did not adequately address the rapid changes to the economy on a statewide basis,
we felt compelled to create a novel approach to (a) bring current critical data and (b) to evaluate
the varying impacts of changes occurring in real time. As practitioners, this created actionable
data to forecast future economic scenarios using public datasets and readily available spreadsheet
software, giving guidance on an economy in conditions with no direct analogue. This paper describes
a way to integrate public data to assess present economic changes and describes the approach using
straightforward processes and accessible tools. By comparing and contrasting findings in Arizona
and Colorado, our analysis of this approach reveals that the updated data showing the current state
of the economy (the Nowcast) is a robust approach for creating accurate, current data, and the various
methods for further dissection (the Multi-Level component) create informative datasets for a detailed
analysis, with the caveat that structural changes to the economy need to be kept in mind so as not to
confuse what is firmly known with what is an overly broad application of the method.

Keywords: COVID-19; Nowcasting; regional economics; supersectors

1. Introduction

One of the hallmarks of the COVID-19 pandemic is uncertainty. As the outbreak
progressed and the economy evolved, decisionmakers needed tools that described up-to
date, current realities as they occurred. It was well understood that the economy was in
a massive state of upheaval, but—precisely how massive? What were the state-by-state
differences and similarities? What was happening in different sectors of the economy?
The same is necessarily true of the economic recovery. Having ways to model what
arises is critical to creating quality policy plans that address targeted issues. Data must
be comprehensive enough to cover many potential futures, flexible enough to apply to
different parts of society, and clear enough to accurately describe the potential impacts
from policy decisions. The approach presented in this paper creates a new set of tools that
provide a view of the economy using current data, facilitates rapid model generation in the
present landscape, and then presents limited use cases to demonstrate the impacts using a
“Multi-Level Nowcast” methodology. This allows for a current-state, quality evaluation of
economic ramifications, given that non-pandemic past recessions are suboptimal datasets
on which to model.

Researchers have devised a variety of ways to evaluate the economic landscape after
the advent of COVID-19, albeit with significant shortcomings to each approach. Many
researchers turned to the U.S. census’ American Community Survey for guidance in the
early months of COVID-19; however, data collected were two to three years old (Kaiser
Family Foundation 2020; Leibovici et al. 2020). In a study published by the University of
Chicago, researchers studied data from a private company that revealed dramatic drops in
the number of hourly employees working and total hours worked, along with increases in
firm shutdowns (Bartik et al. 2020). Other University of Chicago economists used cellphone
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data to track customer visits to over 2.25 million businesses, finding that consumer traffic
dropped more than 60 percent during the lockdown (Goolsbee and Syverson 2020). While
Unemployment Insurance claims (UI) are one of the few just-in-time indicators of the job
market in America, they are not useful for predicting policy effects on target populations,
since only a portion of the workforce qualifies for UI in the event of job loss. Data in the
aforementioned studies have multi-level aspects, but each has the drawback of being either
proprietary data, a fractional portion of the overall U.S. picture, or information that is badly
outdated. In short, better approaches are needed to answer real-time questions.

This paper seeks to address structural gaps in the data highlighted above by using raw
data from the Bureau of Labor Statistics (BLS) and manipulating it to create a “Multi-Level
Nowcast”. As a useful example, the current-state Nowcast is then used to evaluate the
impacts of airline industry losses on Colorado’s economy and Arizona’s economy and
then discuss the differences between the two. Impacts of the COVID-19 induced recession
on low-wage employees are then considered, using the same basic dataset. One great
advantage of this approach is, of course, that the raw data and spreadsheet processing
software are publicly available and free—so the method is quite available to interested
researchers. In that sense, the ultimate goal of this paper is to create a practical, simple, and
costless approach for non-experts to create a viable Nowcast for planning purposes.

Section 2 provides a brief evaluation of the broader impacts the airline industry has
on state economies, as well as more detailed motivations for our particular interest in
this topic of study. While this paper uses airline industry employment to illustrate how
a Multi-Level Nowcast can be used, the approach can be expanded to study any area
supported by the underlying BLS datasets. Since this encompasses diversity in geographies,
industries, and income levels, the approach provides a very flexible framework for future
investigations. Section 3 presents analytical results of findings, with Section 4 offering
conclusions. Appendix A provides more details regarding standard accuracy criteria and
an evaluation of Nowcasting compared to statistical ARIMA model results. Appendix B
discusses AR-X incompatibility with the Nowcasting used in this publication. Finally, for
those interested in creating their own Multi-Level Nowcast, Appendices C and D offer
detailed instructions.

The steps in creating a Multi-Level Nowcast are detailed but not difficult, with
illustrations of both the process and actual datasets to assist in the replication of the
methodology for future researchers.

Without a Nowcast there is no current, detailed framework of publicly available data
from which to model current and future shocks, either by job title or income level. As
COVID-19 continues to change America’s economic landscape, having a universal practical
framework that allows for flexible, targeted cuts of the economy is a very powerful tool.
Information from the Nowcast can also be used as a foundation for other investigations
and is not a final, singular output. Creating a Nowcast allows a researcher to quickly model
how impacts—whether based in policy or economic trends—are expected to affect those
within the area of interest.

2. Materials and Methods

Recognizing the need for a near-term data solution, several leading institutions and
scholars were quick to estimate closer-to-real-time estimates of various economic phe-
nomena. The NY Fed Nowcast, the Weekly Economic Indicator (Lewis et al. 2020), and
countless non-traditional data sources were used, including changes to employee hours
worked (Bartik et al. 2020), restaurant reservations (Lewis et al. 2020), and travel-based data,
such as hotel occupancy rates (STR 2020) and daily TSA screenings. All showed dramatic
changes happening in near real time, but none were capable of showing the immediate
pressure on low-wage workers.

In mid-April of 2020, Parolin and Wimer (2020) estimated the possible extent of
suffering among the U.S. population, as a whole, should the unemployment rate remain
around 30 percent through 2020—forecasting an increase in the poverty rate from 12.4
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to 18.9 percent (or more than 21 million people). Granted, 30 percent unemployment
was not sustained through 2020, and forecasting possible unemployment trajectories is
notably difficult, as discussed in Petrosky-Nadeau and Valletta (2020). Although poverty
estimates are presented on an annual basis and with a considerable lag, the Parolin and
Wimer (2020) report was timely, receiving considerable media coverage. Nonetheless,
geographically specific data on low-wage workers and an up-to-date industry-specific
investigation remained elusive. The methodology in this paper seeks to solve that problem.

Given the broad potential applications and pressing need, a solution that augments
publicly available data and closes the data gap without reliance on proprietary tools or
methods is needed. Although much of the private data listed above were beneficial and
timely, there is no guarantee such data will always be available. Further, as private, propri-
etary data, the quality and veracity of the information cannot be validated or crosschecked
by other researchers. Not only is the BLS data public, but it is also high-quality. The
Quarterly Census of Employment and Wages (QCEW) is the most comprehensive source of
data on employment, hours, and wages by industry in the U.S., covering about 97 percent
of all civilian wages and salaries. The data are available at the national, state, metropolitan
area, and county levels. The BLS’s Current Employment Statistics (CES) are similarly
considered a “gold standard”—one of the most timely and sensitive datasets published
by the federal government. The CES sample is drawn from the QCEW, using the more
than 10 million establishments covered by unemployment insurance. Although neither
covers certain agricultural workers, the self-employed, or unpaid family workers, the CES
does include certain jobs not covered by UI, including railroad jobs and those in religious
organizations. Additionally, the two data sources trend well together.

Another valuable reason to use BLS data is that so many stakeholders rely on it. The
data are widely understood, structurally stable, and well supported within federal budgets.
Policymakers rely on the BLS to inform debates around healthcare, social security, and
employee benefits, but private industry also uses several BLS sources quite heavily. Having
a high-quality, neutral dataset that allows for comparisons of compensation and benefits
across different industries, occupations, and regions is advantageous for so many groups
that users of all stripes have a vested interest in retaining quality, continuous BLS datasets.
Selecting this particular public data source for study provides a high degree of certainty
regarding future data quality and accessibility.

Importantly, the use of the specific public datasets selected makes analyses applica-
ble in each individual state, allowing for replicability and comparison when evaluating
unfolding trends. States, of course, are often responsible for implementing social service
programs that individuals and families rely upon when economic shocks occur. Fiscal
changes made at the federal level filter through each state in different ways, so real-time
data are essential for state-level policymakers to make informed decisions—decisions that
often require considerable amounts of public resources.

2.1. Operational Example—Near-Term Nowcasting for the Airline Industry

The airline industry was chosen as an example in this paper for a few reasons. Firstly,
the industry is highly susceptible to demand shocks. The beginning of the 1980s and 1990s,
2001–2005, and post-2008 were all periods of significant losses in terms of employment
and profits. All of these shocks pale in comparison to the initial losses experienced due
to COVID-19. The UN agency for civil aviation has estimated that global financial losses
to airlines and airports totaled USD 370 billion and USD 115 billion, respectively, in 2020
(ICAO 2021). For North America alone, gross airline passenger operating revenues dropped
USD 88 billion, while airport revenues dropped over USD 22 billion.

Secondly, the airline industry is highly geographically concentrated due to airport
hubs. Pushing the maximum amount of traffic through a hub is beneficial both to airline
companies, due to lower overhead costs, as well as to passengers, due to greater choices in
flight availability and costs, a topic nicely summarized in Button and Lall (1999). Hubs are
also beneficial to their surrounding areas. McGraw (2016) found that hub airports increase
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personal income and establishment counts in their commuting zones by 2.3 and 1.6 percent,
respectively. An ancillary effect is that many companies intentionally choose to locate
in areas near airport hubs. This is particularly true for wholesale trade and distribution
centers. Thus, an economic downturn in air traffic can have considerable negative impacts.

Lastly, and crucial to this paper, the airline industry is highly segmented. There are
airport personnel with middle to high incomes—including those responsible for flight
operations, engineering and maintenance, and sales and marketing—a large majority of
whom belong to a union. There is also a considerable workforce that is subcontracted by
the major airlines—including food service, airport security, cleaning, and fueling—who
frequently earn low wages and are rarely covered by collective bargaining agreements.
COVID-19 impacted airline workers in different ways. Whereas schedule changes imposed
by the FAA on the country’s air traffic control system caused some disruption to air
traffic controllers, a number of airline companies underwent major furloughs and layoffs.
Nationally, air transportation employment alone dropped over 130,000 from January to
June of 2020, as shown in Figure 1 (U.S. Bureau of Labor Statistics 2021).
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2.2. Regional Detail—The U.S. States of Colorado and Arizona Show the Airline Industry Example

Within the United States, and particularly within the Mountain West Region, Colorado
and Arizona present unique cases for evaluating economic trends. As two states without
coastal components of their economy, both Colorado and Arizona have been among the
most successful economies nationwide and have experienced a high rate of growth as well
as economic diversification over time. They are the top two states in terms of employment
for the Region, as shown by the upper lines on the graph, yet adequately proxy patterns
seen in the remaining states within the Mountain West, particularly in terms of the Region’s
year-over-year employment changes (Figure 2). In both states, rural/urban patterns are very
similar, and employment growth over the past 14 years has followed similar trajectories.

With its central geographical placement, Colorado has long been an airline hub and
an important location for both travelers and transit alike. Considering the proportion
of jobs in the state that are supported by the airline industry, Colorado has the second
highest percentage in the Mountain West, trailing only Nevada in its percentage impact
on the overall economy. Colorado’s evaluation comes in contrast to Arizona, which has
airline employment patterns that more closely reflect typical patterns within the Region.
Minor carriers have experimented with placing more hub operations in Arizona, and overall
employment numbers are very similar to Colorado’s, but the percentage of employment has
not occurred on the scale of Colorado’s legacy of airline operations. Using two such similar
economies, yet with very different airline employment patterns, provides an interesting
vantage point from which to evaluate broad economic trends.
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2.3. Robustness

When taking such an unusual approach to BLS data, it was important to evaluate
the appropriateness of the methodology described below. Although the CES and QCEW
come from a similar universe, the total employment counts for each differ, as each excludes
certain types of jobs. The CES reports more jobs than the QCEW because the CES covers
many jobs that are not present in the QCEW. For example, while both CES and QCEW
include state government education jobs, the CES picks up students employed through
Work Study while the QCEW does not. Nevertheless, the two series track well together,
even during volatile periods, such as the Great Recession. During this timeframe, the CES
data were consistently above final QCEW data (at the end of all government-run updates)
and mostly within a margin of 0.7–3.6% of the final QCEW values, as shown in Figure 3. In
other words, the QCEW was always within 4 percentage points of the CES on any given
month throughout the Great Recession. Very importantly, the CES data presaged rise and
drop, something that was later validated by the final QCEW publications. And without
inserting the CES data, researchers would be left without anything to evaluate until QCEW
data are finally released. Creating a Nowcast by meshing QCEW + CES datasets allows
researchers to do a much better job of understanding what is occurring, even in the midst
of upheaval, than if this tool were unavailable.

For the test cases presented in this paper, the Nowcast methodology uses CES data
to bring current the overall view of the economy, with older CES data being replaced as
QCEW reports become available. Yet the CES data still serve the same function as they
do nationally: they catch the direction and magnitude of final QCEW data. During the
same time period as the Great Recession, shown in Figure 3 above, Colorado’s portion of
CES data was within a margin of 0.8% below or 4.2% above final QCEW values, with both
median and average differences from the CES being just 1.5% more than the final QCEW
data. The same trend held for Colorado as for the national data: the CES correctly reflected
the inflection points and magnitude of changes shown in the final QCEW information.

While the CES provides useful U.S. employment data and is quite current, showing
data for the immediately preceding month, the QCEW is much more exhaustive—allowing
for industry-level employment data calculated directly from unemployment insurance
reports that are submitted to the BLS quarterly. In addition, whereas the CES provides
estimates only for the U.S. as a national total, the QCEW provides detailed data for each
U.S. state. With QCEW estimates being published 6–9 months after the reference period,
there is a considerable lag in state-level employment data.
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Another statistical approach could be AR(X), an autoregressive function. However,
as shown in Appendix B, such a forecast does not accurately capture the critical turning
points in the economy, such as the COVID crash that is being used as the case study for
this paper’s methodology. By not limiting our approach to the constraints of a model
format—instead tracking developments as they occur—the power comes by not being
constrained by past trends or factors that may no longer exist. Furthermore, to be run
in a simple spreadsheet, as the current paper’s Nowcast can be, requires considerable
manipulation of dozens of data series to generate a workable set of stationary time series
that are capable of an AR(X) analysis—and then still necessitates further assumptions about
lag structure that are not necessary for Nowcasting. In contrast, this paper’s approach
creates a simple methodology that any local community or state can apply with minimal
complexity to Nowcast the regional economy.

As will be detailed in subsequent sections, state-level Nowcasts are derived by using
an individual state’s share of total U.S. employment by supersector, as defined in the QCEW,
and then applying those shares to the timelier CES estimates. This yields high quality
approximations of statewide employment, both in total and by supersector. Because state-
level CES data are derived by applying proportional multipliers from quarterly QCEW
publications, this updates the state-level CES estimates as new QCEW publications become
available. And again, when faced with a choice of using data that were within a 5% margin
of final values during the height of the Great Recession or having no data at all and waiting
for the QCEW to be published, it is often advantageous for researchers to use imperfect yet
timely data from which to base initial analyses.

3. Select Examples: Results of Running a Multi-Level Nowcasts for Colorado
and Arizona

Having determined the value of a Multi-Level Nowcast for evaluating a variety of
trends, the following section presents findings from using one to more closely examine key
data. To recap at a high level, a Multi-Level Nowcast takes the most robust framework
for the economy as a foundation (the QCEW, shown in grey in Figure 4), updates it using
the most current data available (the CES, shown in purple in Figure 4), and then carves
out areas of interest using income- or occupation-level data from the BLS’s Occupational
Employment and Wage Statistics (OEWS, showing line-graph carveouts of key industry
data in Figure 4).

Common sense would suggest that COVID-19 has impacted the airline industry—but
by precisely how much? How many workers, and of which skill levels, are being impacted
by changes to air travel? What are the incomes of those experiencing employment changes,
post COVID-19, and how does this differ between states? If a Multi-Level Nowcast is
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created, a researcher is suddenly able to address these questions, and many more. To
illustrate, this paper compares and contrasts results for Arizona and Colorado, given
their unique positioning and overall similar economies within the Mountain West Region.
Testing impacts by job type requires using OEWS data to find the percentage of employment
represented by the targeted group and then multiplying the Nowcast by these proportions.
This creates a Multi-Level lens with which to evaluate current information.
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3.1. Total Employment—Arizona vs. Colorado

The first step is to create a Nowcast for both economies so as to be able to directly
compare shocks to the system in both locations. As previously described, this requires
pulling QCEW data and updating them with the state’s portion of employment changes
shown in the CES (Figure 5). In both cases, actual QCEW data are presented as a solid
line, while the Nowcast updates are reflected in the dashed lines. The darker line shows
what is known today, given the most recent information available, while the lighter line
captures what would have appeared by using the Nowcasting methodology on data that
were available at the start of the COVID-19 pandemic and as the pandemic unfolded. In
examining the descriptive statistics for each state, of key interest is the fact that the MAPE
(Mean Absolute Percentage Error) is very consistent and quite low—well under 5% at the
state level. This holds true in all cases—when comparing the Nowcast to Final QCEW data,
to Preliminary QCEW data, to Final + Preliminary QCEW data, or when considering a
Nowcast based on the QCEW data available when the pandemic hit (4/2019) vs. a Nowcast
based on the most recent data as of this writing (preliminary QCEW of 9/2021). Of course,
the final consideration of Nowcast to Nowcast has similar descriptive statistics due to CES
data being a key part of each dataset, but the relationships and magnitudes remain similar
to the evaluation of QCEW to the Nowcast portions of the dataset. These examinations
were also performed for data for the US Total (50 States + Washington DC, excluding
Puerto Rico, Guam, and the Virgin Islands), and all appeared to be of quite good quality,
with a MAPE for all time periods of less than 1%. It is important to note that the data
are holding up through some of the most difficult times that the US has ever experienced
economically—it encompasses even the month of April 2020, when the economy shed more
than 20 million jobs in a single month. Using quality data published by the QCEW and
updating them with current-state CES numbers creates a strong Nowcast for immediate
analysis and review of economic impacts.
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We performed a simple test of potential systematic bias on both the Arizona and
Colorado data by regressing the actual QCEW data on the Nowcast and a constant. The
latter constants are insignificant, indicating there is no significant bias in the Nowcast.
Furthermore, the regression coefficients are statistically indistinguishable from 1, indicating
that the condition of a weak forecast rationality exists—further affirming the value of the
Nowcast as a useful heuristic tool for practitioners.

These data show that Nowcasting remains a good approach. On a state-by-state basis,
each proportional share of changes in the CES (+/−) as reflected in the Nowcast at times
run counter to the standard US trend shown in Figure 3. While the national trend shows
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QCEW employment data to be less than CES data, at times a state-level Nowcast, which
uses CES data, can show values that are greater than QCEW due to a combination of CES
data being run more quickly, details of CES methodology, and the way the Nowcast uses
multipliers to estimate each state’s portion of changes to the CES. In all data examined for
Colorado for this paper, this quirk does not present an issue, as all data points shown are
within 4% of the eventual actual QCEW data, and inflection patterns are well-represented
in the Nowcast information. In Arizona, 5 of the 15 data points are outside of the 4% ideal
(Apr-20, 7.6%; May-20, 7.4%; Oct-20, 4.8%; Nov-20, 5.8%; and Dec-20, 6.2%), but again,
inflection points, timing, and trend development all track the eventual QCEW data very
closely. Looking at both state samples, if a researcher were presented with waiting months
for quality QCEW data or being able to use the Nowcasted data immediately, having
something instead of nothing would generally be preferable. Even a rough estimate would
have given a much timelier sense of what was occurring and what recovery patterns were
unfolding, long in advance of QCEW data being published.

3.2. Airline Employment—Arizona vs. Colorado

Given these two distinct regions, with differing histories and employment patterns,
yet both undergoing the same crisis of a pandemic in the same sector of the economy—how
have the shocks impacted each state on a supersector level? How many workers, and
of which skill levels, are being impacted by changes to air travel? To evaluate, OEWS
airline data are now overlaid on the Nowcast data in order to determine trends. All airline
jobs under consideration in this evaluation occur within the Trade, Transportation, and
Utilities supersector. For each year under consideration, airline employment as a percentage
of the total supersector is calculated, and then multiplied against the Nowcast in order
to have a current view of airline-specific data (Figure 6). As with QCEW data, OEWS
data are produced long after changes in the economy have occurred, barring researchers
from evaluating updated information by using the standard dataset. By multiplying the
Nowcast by OEWS trends, research can ostensibly be performed on industries of interest.
In the absence of any other information, this methodology holds the employment pattern
relationships constant in order to see what shocks to the supersector mean for the targeted
subgroups. Common sense would suggest that COVID-19 has impacted the airline industry
in Colorado—but by precisely how much?

The initial step in this effort is to split out the codes pertaining directly to airline
workers to apply them to the OEWS dataset1. Importantly, this paper does not attempt
to evaluate ancillary impacts on employment, such as changes felt by restaurant workers
employed at the airport or nearby hotel workers. Because federal bailouts to the largest 9
airline companies alone totaled over USD 35.78 billion, it seemed important to understand
the scope and recovery patterns of this particular group (Accountable.us 2021). The impacts
of air travel on the economy undoubtedly ripple far beyond this limited scope of evaluation,
but as a starting point, the airlines were of specific interest.

When evaluating the findings in Figure 6, it appears that following the initial drop
in airline employment in April of 2020, airline employment in both states has risen dra-
matically and not only recovered to a level above the peak travel season occurring before
COVID-19 was present in the U.S.—in December 2019—it has risen by 3% in Arizona and
15% in Colorado. Yet TSA check-ins, which are a good proxy for airline traffic volumes,
show that while the number of air passengers has recovered from the lows of 2020, air
travelers are still far fewer than in 2019—Please see Figure 7 (Transportation Security
Administration 2021). Anecdotal evidence suggests that ongoing struggles persist in airline
operation, and no easy explanation comes to mind that addresses the 3–15% increase in
airline employment shown in the Multi-Level Nowcast.
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For guidance around this issue, let us backtrack and evaluate the Nowcast across all
supersectors (Figure 8). Looking at the underlying data, the issue becomes readily apparent.
Because Airlines are in the supersector of Trade, Transportation, and Utilities, economic
growth in areas, such as trucking and warehousing, are offsetting declines in air travel or
other forms of trade. With the rise in online shopping, radical changes have been underway
in how goods move through the economy, and future data will likely reflect this structural
shift in the OEWS data. So, while the graphs in Figure 6 are indeed representative of the
proportion of the supersector’s employment as calculated using the 17 May–20 May OEWS
datasets (3.5–4.8% of the Trade, Transportation, and Utilities supersector, depending on
the state and year), there are not data yet on how the structural changes are impacting the
overall makeup of state economies, employment within the supersector, or relationships
among job categories within the one particular supersector. In this example, a ceterus paribus
assumption is not a quality assumption due to the changing nature of work and consumer
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demand following the COVID-19 pandemic. This exercise surfaces how drastically people’s
changing shopping habits are impacting state economies.
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3.3. Impacts on Low-Wage Earners—Arizona vs. Colorado

Another interesting lens to consider is how changes in employment by supersector
would impact lower-wage workers. Because the Nowcast is built on actual evolution within
the economy by supersector (from the CES data), areas experiencing employment changes
will be reflected in Nowcasted employment numbers. This is quite important since not all
supersectors have been impacted equally by COVID-19, and wage distributions are not
consistent among supersectors. Having insight into what this means for a state gives deci-



Economies 2022, 10, 194 12 of 31

sionmakers critical data for evaluating the economy. To be fair, the same issues presented
applying the Multi-Level Nowcast to airline employment are still in play: if structural
changes are occurring in the economy, applying percentages equally will mask specific
evolutions. Researchers can compensate for this, however, by increasing or decreasing
findings based on other areas of research. Examples would be adjusting for a K-shaped
recovery, weighing frontline hospitality job losses more heavily, etc.

Having the OEWS data for each state in hand, it is easy to see that while the dataset
can be evaluated by job title or supersector, it can also be evaluated by income level. For
each occupation in the dataset, the total number of workers in the geography is given, and
annual wages are presented at the 10%, 25%, 50% (median), 75%, 90%, and average (mean)
salary levels. That is, if an occupation in a state has 1000 workers, and the 25% salary level
for that occupation is USD 31,500, it can reasonably be inferred that those 250 workers in
that role in the state make USD 31,500 or less. Further, it is possible to aggregate across
all occupations in the state in order to understand what is occurring to workers at certain
income levels in the economy. This reveals wide-ranging economic and policy implications.

For this exercise, the Multi-Level Nowcast is evaluated not against airline workers
for review, but rather against a weighted average of 50% Area Median Income (AMI) for
all counties, to test how economic impacts appear using that measure. This measure is
important because it shows the lower bound for many housing programs and is a good
proxy for people who have some income, but who earn below half of what is common for
the state. While AMI calculations do include data from many types of income, including
those who are not in the workforce and collecting Social Security or other public benefits, it
does provide an interesting lens with which to view a locale. After pulling population and
income data for each county in the state and creating a statewide weighted average, 50%
AMI is USD 27,579.05 in Arizona and USD 38,602.69 in Colorado. By interpolating between
each known annual salary level by occupation code, the precise percentage of employment
at 50% AMI can be calculated by supersector. That percentage is in turn multiplied by the
number of workers in the Nowcast to estimate the current number of employees falling at
or below 50% AMI. Figure 9 illustrates the resulting values from these calculations.

From this calculation, it is easy to see several interesting themes:

• Most workers earning under 50% AMI are in the Service-Providing sectors of the
economy.

# At 94.1% in Arizona and 90.7% in Colorado;
# Specifically, the supersectors of Trade, Transportation, and Utilities as well as

Leisure and Hospitality have very high percentages of low-wage workers;
# This would make employees in these sectors especially vulnerable to lost work

time or economic shocks, such as have been experienced under COVID-19.

• While fewer employed people are low-income, at 18.1% of Arizona employees and
37.0% of Colorado employees, this finding illustrates how AMI data are skewed by
citizens who are no longer in the workforce.

# Within the evaluation of goods-producing supersectors, the Natural Resources
and Mining sector stands out as having many low-wage workers, in large part
due to agricultural wages;

# Within Service-Providing portions of the workforce, again, the supersectors of
Trade, Transportation, and Utilities (with retail employees) as well as Leisure
and Hospitality (including hotel and restaurant workers) provide clear outliers
as having many of their workers earning below 50% AMI.

• Running the data, we find that in Arizona just over half a million workers earn
below 50% AMI, while in Colorado, the number of low earners is close to one million
employed workers.

# Particularly with layoff and unemployment patterns that have arisen during
the pandemic—with white collar workers being able to work remotely and
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having fewer layoffs due to changes in public health policies—it is clear that
these low-earning workers are especially vulnerable.

• These trends can help inform the dialogue between policymakers and economic
experts.

# Since not all parts of the economy are feeling the effects of the pandemic equally,
having targeted data with which to inform decision making is particularly
helpful.

As changes to these supersectors occur due to the COVID-19 pandemic—such as
overall employment drops in Leisure and Hospitality or structural changes to Trade,
Transportation, and Utilities due to altered shopping patterns—it is important to recognize
that this will create real changes in state economies, the needs of their communities, and
potential demand for social safety net offerings.
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4. Conclusions: Importance of Multi-Level Nowcasting

This paper has discussed the methodology, application of, and findings derived by
using a Multi-Level Nowcast to evaluate economic systems. As with any method of
evaluation, there are strengths and weaknesses inherent to this approach, several of which
have been presented transparently and indicate opportunities for future research efforts.
However, amidst the dearth of information at the onset of the COVID-19 pandemic, it was
always clear that state economies—with lockdowns occurring, viral transmission methods
unclear, and industries in upheaval trying to remain profitable in a “new normal”—were
experiencing a state of freefall, but no one knew quite how far economic conditions would
fall or how far from the nadir conditions were. Particularly when considering trends that
were impacting different sectors of the economy or different states unequally, it was very
difficult to tell how deep or how badly the pandemic would affect our country. Being faced
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with momentous policy questions in this state of freefall—Subsidizing which industries
will help the economy the most? What might future employment trends look like? Which
citizens will need additional assistance, and for how long?—with limited to no data on
which to run quality forecasts, with limited to no consensus between top institutions on
how to approach looming questions, and with very little time to study or develop quality
models . . . it was a feeling of helplessness unlike any other. Most of the time, a downturn
occurs, researchers look to the past, attempt to adjust for current factors, and create a
forecast. In the depths of this uncertainty, with no clear past data to evaluate, no clear
way to adjust for current factors, and no solid guidance from thought leaders, Multi-Level
Nowcasting as an insightful approach was created.

While this paper presents sample analyses of interest, there are many other places
where further inquiry can occur. If Multi-Level Nowcasting is used more widely, the
research approaches, valid areas of application, and general findings can be widely shared
among various regions of the United States. There are so many ways that this analytical
tool can assist in evaluating impacts on economies around the country that it is exciting to
imagine prospective explorations. Finally, since the data can be run solely with manual
extracts and manipulations, in a series of basic spreadsheets, this method is quite accessible
to researchers of all types—creating a very wide range of possible future uses.

It is our sincere hope that by sharing this methodology, other researchers will recognize
the value and applicability of this approach to other areas of interest. In time, this may
yield new findings whereby positive impacts can be created through good decision making
by informed actors. Without a current, quality estimation of the size and makeup of
the economy in question, policymakers are not in a position to make the most educated,
informed assessment, in light of current trends at play in the economy. Particularly in
times of great upheaval, such as the COVID-19 pandemic, having updated, quality data
is more valuable than ever. Multi-Level Nowcasting is an important tool for a variety of
questions facing the American economy, particularly with the powerful updates created in
the dataset, as well as with the highly targeted potential for additional investigations.
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Appendix A. A Brief Comparison of Nowcasting to ARIMA Model Approach Results

A careful reader may wonder how the Nowcasting methodology described in this
paper compares in its predictive powers when considered with more conventional, even
basic, approaches. To that end, we ran a quick ARIMA model using QCEW data from 2001
to September of 2019 for Colorado, then applied that model specification to Arizona and US
Total QCEW datasets to see if the model’s predictive power produced better results than
that of the Nowcast. This timeframe was used because it was the latest data that would
have been readily available in March of 2020, when the COVID-19 pandemic began severely
impacting the United States. The results were tested by running the standard accuracy
criteria of RMSE, MAE/MAD, MSE, MAPE, and MPE. As the most readily comparable
metric, the MAPE is presented for each segment of the dataset on the graphs directly for
quick reference.

Comparing Figure 5 with Table A1 and Figure A1, shown below, we can draw several
conclusions, all of which bolster the argument for using a Nowcast when evaluating
economic trends in uncertain times:

1. The MAPE results are better for the Nowcast than for the ARIMA model.

a. Except for the three observations of AZ Prelim Only, AZ QCEW + CES, and CO
QCEW + CES;

b. Particularly when considering the US Total results, these “better” results for
AZ/CO would indicate that things are much worse for other states, balancing
out the gains in these areas.

2. The Nowcast results are a much better fit to the downturns occurring in the pan-
demic.

a. Because Nowcasting uses data from the QCEW and CES directly, any downturns
are automatically incorporated into new data;

b. Which also eliminates adjustment variances that different researchers may
choose to make when trying to account for economic changes in uncertain
times;

c. Goodness of fit is not dependent on researcher expertise or luck.

i. Early on in the pandemic, there were many questions about economic
recovery: when it might start, how it would impact different sectors of
the economy, what form it would take, etc.

3. Nowcasting can be performed as a “one-and-done” approach.

a. The same methods work for all US locations and do not require maintenance
of separate equations or model specifications for every area of interest to a
researcher.

Essentially, the dynamic data being used in the Nowcast provide a much better
approximation for actual future QCEW results than a simple ARIMA model, with less
opportunity for error, less maintenance, and with fewer corrections required to keep the
system up to date and ready to use. By not using past trends to define the equation
describing expected employment, it yields a real-time representation of what is actually
occurring in times of turmoil.
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Table A1. (A–C) Standard accuracy criteria for Figures 5 and A1 comparing Nowcast to ARIMA
model outputs.

(A)

Arizona Nowcast RMSE MAE/MAD MSE MAPE MPE

Final Only 96,370 79,757 9,287,178,866 2.81% 2.239%

Prelim Only 108,683 103,983 11,811,976,805 3.59% 3.593%

Final + Prelim 100,492 87,544 10,098,721,061 3.06% 2.674%

QCEW + CES 98,594 98,594 9,720,865,388 3.33% 3.327%

Arizona ARIMA RMSE MAE/MAD MSE MAPE MPE

Final Only 158,252 126,768 25,043,701,975 4.59% −3.378%

Prelim Only 82,961 94,003 9,513,026,088 3.26% −3.262%

Final + Prelim 138,635 114,481 19,219,698,517 4.09% −3.335%

QCEW + CES 42,462 40,590 1,802,994,005 1.37% −1.372%

(B)

Colorado Nowcast RMSE MAE/MAD MSE MAPE MPE

Final Only 38,075 34,533 1,449,701,227 1.32% 1.171%

Prelim Only 63,735 56,957 4,062,144,148 2.11% 2.107%

Final + Prelim 47,848 41,754 2,289,415,023 1.57% 1.472%

QCEW + CES 62,641 62,641 3,923,906,068 2.27% 2.271%

Colorado ARIMA RMSE MAE/MAD MSE MAPE MPE

Final Only 183,407 141,904 33,638,277,110 5.59% −5.532%

Prelim Only 78,702 123,085 17,230,924,990 4.63% −4.629%

Final + Prelim 165,788 134,847 27,485,520,065 5.23% −5.194%

QCEW + CES 62,511 61,077 3,907,658,631 2.22% −2.216%

(C)

US Total Nowcast RMSE MAE/MAD MSE MAPE MPE

Final Only 1,520,761 1,165,076 2,312,714,300,831 0.82% −0.725%

Prelim Only 1,327,070 1,032,842 1,761,114,891,140 0.73% −0.610%

Final + Prelim 1,461,306 1,122,572 2,135,414,490,573 0.79% −0.688%

QCEW + CES 422,354 422,354 178,382,901,316 0.29% −0.288%

US Total ARIMA RMSE MAE/MAD MSE MAPE MPE

Final Only 10,677,790 8,366,965 114,015,200,638,241 6.18% −5.822%

Prelim Only 5,453,548 7,787,688 64,609,122,182,662 5.49% −5.493%

Final + Prelim 9,771,792 8,149,736 95,487,921,217,399 5.92% −5.699%

QCEW + CES 4,086,928 4,025,581 16,702,979,097,606 2.75% −2.746%
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Appendix B. An Expanded Comparison—AR-X Benchmark Incompatibility
with Nowcast

To be more specific in considering the Nowcasting methodology’s predictive power,
we turn our attention to the possibility of using an AR-X model format, as recommended
by one of our anonymous reviewers. In short, there are several reasons that AR-X is not a
valid substitute for the Nowcasting approach detailed in this paper, with problems rooted
in periodicity/calendar issues, non-stationarity, seasonality, structural breaks/fat tails,
and model specification. Each of these issues is described in more detail below, hopefully
providing full illumination around issues that would arise, were AR-X methods attempted
to address the issues covered by Nowcasting.

Appendix B.1. Periodicity/Calendar Issues

Among other things, the goal of the proposed Nowcast is to exploit the greater
frequency of data collection of the Current Employment Statistics (CES) as compared
to the Quarterly Census of Employment and Wages (QCEW) as well as to mitigate the
substantial lag time between the end of the quarterly coverage period of the QCEW and
the public release of the data. The frequency and lag time to release are illustrated below
with reference to the as yet unreleased QCEW statistics for 2022Q1.
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The Anonymous Referee (“Anon”) suggested that the Nowcast should be bench-
marked against the predictive performance of an AR-X model. In particular, Anon sug-
gested a model of the form2: yi,t+1 = c + αyi,t + βxi,t+1 + ui,t+1, where yi,t and xi,t are
the employment of industrial supersector i at time t according to the QCEW and CES,
respectively.

Although it is not clear from Anon’s notation or comments which periodicity (quarterly
or monthly) should be used, we will make the assumption that Anon meant monthly. Given
the substantial lag time between the release of the full QCEW and for a given quarter and
the component monthly CES releases, this means that even if potential end users of the
AR-X model’s forecast were capable of running it themselves, they would need to contend
with very wide confidence intervals on the forecast values. This is because they would
need to forecast eight time steps ahead before the next QCEW release partially caught up
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with CES. These confidence intervals would also become even wider and mostly likely
less accurate when they are most important (i.e., during times of heightened economic
dynamism and uncertainty). Thoughtfully interpreting forecast results in such contexts
requires exactly the type of audience expertise that our Nowcasting methodology aims
to avoid.

While the AR-X model may be more robust or flexible for experienced users, it is not
robust in terms of who can implement it. We address several more issues in this vein below.

Appendix B.2. Non-Stationarity

The figure below plots the evolution of total, domain, and supersector employment
according to the CES for the entire time period for which there is both CES and QCEW data
available. For this figure and the two that follow it, the patterns and features exhibited in
the CES data are extant (although not precisely the same) in the QCEW data.

It is supremely obvious in the figure below that each time series is not stationary. Thus,
in order to avoid completely spurious regression results, the end users of an AR-X model
would need to first difference all the series (i.e., both the QCEW and CES for each industry).
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Appendix B.3. Seasonality

Seasonality is also a source of non-stationarity since the mean is not stable through the
season. The figure below shows how employment changes over the course of each year in
each time series by indexing two January employment levels as 100 and then updating over
the next 11 months. Clearly, the majority of the time series exhibit very visible seasonality.
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In order to mitigate this seasonality, the end users of an AR-X model would need
to implement an appropriate method for de-seasoning the data. Seasonal differencing is
the simplest but also the crudest method for achieving this objective. However, based
on experience with smaller entities and local governments that do not employ dedicated
economic professionals, this is still a somewhat onerous requirement for data preparation.
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Appendix B.4. Structural Breaks/Fat Tails

Supposing that the end users of our Nowcasting strategy could comfortably and
reliably construct time series that were first differenced both seasonally and non-seasonally,
there is still the issue that parametric modeling strategies, including the AR-X model, are
not particularly robust to structural change. There are, of course, methods for identifying
structural breaks, although depending on end users to implement these further reduces the
number of entities that would have access to forecasts. Furthermore, it does not mitigate
the issue of forecasting through a structural break in the data generation process or fat-tail
event. To wit, the figure below shows the first differenced (seasonally and non-seasonally)
time series in black with red dotted lines indicating +/− six standard deviations from
the mean. Observations that are more than six standard deviations from the mean have
one-in-half-a-billion chance of occurring. Every one of our time series witnessed observations
at least this large, with some substantially larger.
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Appendix B.5. Model Specification

Beyond the periodicity and calendar issues discussed above, which only set the
baseline model specification needed to avoid predicting two time series simultaneously,
there is the additional issue of lag structure/model identification that would optimize
the performance of the AR-X model. Since we are considering 14 different time series,
even if we could optimally identify the appropriate lag structure for each model within
4–6 attempts per model, then that would require us to run and evaluate between 112 to
168 individual AR-X models (2 states × 14 time series × 4–6 models per series). This is
a very onerous request from Anon. However, in fairness to Anon, they suggested that
we merely select models on the Bayesian Information Criterion (BIC). We are concerned
though that this seems very much like data mining and would thus make us dubious about
the appropriateness of the model selected for each time series as a benchmark.

If Anon is willing to more specific about the lag structure/model specification that
they would prefer, then we are happy to run those particular models.
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Appendix B.6. Conclusions

Resolution of all of the issues covered above may reasonably be expected to be part
of the day-to-day responsibilities of an expert forecaster or time series econometrician.
However, these professionals are not the target audience of our Nowcasting methodology.
Any form of an AR-X model is not an appropriate benchmark since the fallback option for local
governments and non-forecasting professionals is merely to wait for the release of data
rather than attempt to find, learn to use, and then interpret the output of an AR-X model.
Our methodology is not intended to be stringently rigorous, but rather to be relatively
robust as well as simple and therefore easy to implement for governments and entities that
cannot afford a staff economist. It is also intended to be less fragile with respect to fat-tail
events than traditional time series models, which again require substantial skill to fortify
and interpret in highly dynamic periods.

Appendix C. How to Build and Evaluate a Multi-Level Nowcast, Considering
Specific Trends

The value of creating a Multi-Level Nowcast has been detailed in this paper. This
appendix describes the steps taken to build the dataset. This methodology allows other
researchers to replicate, extend, and push analyses into areas not examined in this particular
paper. To recap, a Multi-Level Nowcast takes QCEW data, updates it with CES data, then
applies striations based on income- or occupation-level data from the OEWS. Breaking the
steps down very simply, to create a Multi-Level Nowcast, the researcher must perform the
following steps, as detailed in Figure A6:

1. Download data from the BLS: QCEW, CES, and OEWS.
2. Create a key and apply it to the raw data.

a. This allows the different datasets to align and filters out any extra states.
b. It creates a standard, uniform crosswalk among all sources, particularly since

each dataset is structured slightly differently.
c. The OEWS constantly shifts occupation codes—ensure all are represented before

data use.

3. Add CES data to QCEW data to obtain a current monthly employment value.

a. At the state level, first calculate the percentage employment in each category,
then multiply the state’s percentage to the national-level current CES data.

4. OEWS employment data must be cleaned before they can be used.

a. Data are supposed to be a nested hierarchy (Detailed→Major→ Total), but
there are issues that have to be resolved to make this a true statement.

5. Find either the targeted jobs or the targeted income levels of interest, then apply
the target percentage to OEWS data, quantifying the number of workers within
the definition.
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Step 1: Download data from the BLS. For every dataset, there are a number of ways
to access the data. Rather than prescribe a specific route, this paper describes the final
data needed—the researcher can then determine the easiest way for them to access that
particular dataset.

QCEW data require Monthly data, seasonally adjusted;
Private and federal/state/local government employment;
At a state/national level;
Total all industries (10), Domains (101, 102), and Supersectors (1011 . . . 1029).

CES data must have Employment changes by industry;
As shown in the CES Publication of Employment and Earnings “Summary Table B . . . ”;
(“Summary Table B. Establishment data, seasonally adjusted”).

OEWS data need Annual data by job with employment and 10/25/50/75/90 percentile wages;
On a state and national level;
All levels: Detailed occupation codes > Major industry codes > Total for the state.
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Step 2: Create and apply keys to raw data. In order to have every dataset align to the
other, the researcher must create a series of keys or crosswalks to have all pieces come
together successfully.

Key A—State/Region Create a key that filters the data by state/region of interest;
Omit unwanted locations (e.g., Puerto Rico, Guam, Virgin Islands, etc.);
For the OEWS, Total U.S. data are often too aggregated—the dataset is more precise if all state data are
summed into a “U.S. Total”.

Key B—QCEW Create a key that separates and sums Totals, Domains, and Supersectors nicely at a state or national level;
Make sure that Government and Unclassified data are represented as desired.

Key C—CES Create a key that maps employment categories into the QCEW Key structure;
Aligning the CES with the basic QCEW definitions;
At times, this requires extra summations in order to line up the categories.

Key D—OEWS Create a key that puts occupational codes into a corresponding industry;
The role is in several industries, but overall market is driven by one major group.

Key E—Target Jobs If analyzing a group of jobs (e.g., airline workers), create a key for relevant roles.

Step 3: Add CES data to QCEW data to obtain a current monthly employment value.
Using the processed data that have been run through the keys, add the CES data to the
QCEW data. Remember that the CES data need to be translated to proper units; for instance,
national employment changes shown in the CES’s “Summary Table B . . . ” has the unit of
thousands, while the QCEW presents employment in single units. The CES also usually
shows changes to overall employment, so the months must be continuous for the data to
be accurate. At a national level, the datasets can simply be added together—see Figure A7
for details.
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At a state or regional level, this simplified approach will not work because CES is
only shown nationally and does not align to a single state/region. The fix is simple: Find
the most recent quarter’s percentage of employment by supersector for state/region in
the QCEW. Then multiply that percentage to the CES data in order to add the correct
portion of the national employment to the state/region of interest. This does assume that
the proportional changes by state/region stay constant from the most recent QCEW to
the current CES, which admittedly is not perfect, since some regions are bound to be hit
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harder than others. However, in the absence of other information, this is the best way to
understand changes in the nation’s labor markets, updated to current times. See Figure A8
for details.
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Step 4: OEWS employment data must be cleaned before they can be used. In theory,
for any given state, employment would sum from Detailed (occ_code = xx-yyyy) up
to Major (industry codes; xx-0000 of the occ_code data) and Major up to Total (00-0000).
Unfortunately, for a variety of reasons, this is not the case. Luckily the fix is easy: by industry
code group for the state, fill in any entries that have 0 or ** with quality approximations,
then distribute any excess employment proportionally to the detailed occupations. See
Appendix D for details and methodology used in this paper.

Step 5: Find either the targeted jobs or the targeted income levels of interest, then ap-
ply the target percentage to OEWS data, quantifying the number of workers within the
definition. While it is nice to have updated overall employment data, as found in Step 3,
it is even better to be able to understand the impacts of economic developments or vari-
ous policies on different populations. First, define the population of interest—either by
occupation code (occ_code) or income level (as applied to a_pct10, a_pct25, a_mean [50%],
a_pct75, a_pct90)—to be able to carve out the information for this group. After clearly
defining the group of interest, a researcher now has concrete information that is based
on actual employment and wage data. Calculate the percentage that meets the targeted
criteria, then multiply it by the updated employment data found in the Nowcast to obtain
a final, Multi-Level Nowcast, focused on the areas of interest. This approach is illustrated
in detail in Section 3 of this paper.

Importantly, for the U.S. as a whole, it is safest to run the data for all states and then
aggregate up to the country’s total. Particularly when working with the annual incomes
presented (the a_pctX mentioned previously), the spans between different income levels
are too broad on a national level to be widely useful. States also have uneven distributions
of high and low wages, and highly heterogeneous wage floors, given state-level minimum
wage regulations. Aggregating all state information to a national total allows for a very
detailed breakdown of the information. And since employment patterns have changed due
to the data only being published annually, it also allows for the evolution of the economy
in the present tense. Particularly in times of great upheaval—such as the COVID-19
pandemic—these updated, detailed data are very valuable from a research standpoint.
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Appendix D. Process to Ensure OEWS Data Totals from “Detailed→Major→ Total”
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