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Abstract

A pre-existing health condition makes 18.1% of labor force participants highly vulnerable

to severe illness or death from COVID-19. While some can work remotely, 11% of the labor

force is COVID vulnerable and in a job that cannot be done remotely. The labor supply

decisions of these individuals will help shape the path of aggregate employment during the

pandemic and recovery. I provide an equilibrium model of labor markets where participants

can choose whether to search for a remote or non-remote job and non-participants can apply

for disability. In the calibrated model, a pandemic lasting 1-3 years causes an increase in

SSDI similar to a recession: one half percent of the working age population. Participation

rates fall more for the highly educated during the pandemic and the less educated assume

an even greater share of risky, non-remote jobs.

1 Introduction

Income risks during a pandemic differ from those during a typical recession in several ways. For

a sizeable group of Americans it has meant that maintaining employment outside of the home

carries an elevated risk of death or severe health damage. An estimated 18.1% of the labor force

is over 65 or has a pre-existing health condition that makes them more vulnerable to severe

illness from COVID-19.1 The Centers for Disease Control (CDC) has advised these individuals

to be particularly vigilant about staying home and avoiding close contact with others in order

to reduce their risk of contracting the virus. However, 11% of the labor force has a health

condition that makes them vulnerable to COVID-19 and is not in an occupation that can be

performed remotely. This is a sizeable group in the context of historic employment dynamics.

By comparison, employment fell by about 6% from the peak to trough of the Great Recession.

Whether the COVID-vulnerable workforce maintains employment during the pandemic and

in the post-vaccine recovery will be a quantitatively important factor in shaping aggregate

employment and production. Will they be able to work remotely? Will they remain in the labor

force or exit, perhaps permanently? Finally, how do their decisions affect other participants in

the economy?

Empirical evidence on the response of SSDI applications and allowances to the pandemic

will take many months to unfold. This is for several reasons. First, SSDI does not pay benefits

for the first five months since the onset of the inability to work due to a health related disability.

∗E-mail: amanda.michaud@gmail.com. The views expressed are those of the individual authors and do not

necessarily reflect official positions of the Federal Reserve Bank of St. Louis, the Federal Reserve System, or the

Board of Governors. The author thanks participants in a virtual seminar sponsored by FRB-Atlanta.
1Author’s estimates from the National Health Interview Survey (NHIS) 2017 to be detailed in this manuscript.
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Second, disability applications take time to process. The wait is typically 90-120 days at the first

disability determination services stage (DDS) and an additional 12 months if the application is

denied at the first stage and appealed. This implies a median wait time of around 13 months that

has been known to increase when application volume is high as has been the case during past

recessions. Finally, applicants do not typically simultaneously collect unemployment benefits

and apply for SSDI since the former implies the applicant is available for work and the latter

implies the applicant is unable to work. Therefore, application behavior during unemployment

benefit increases surrounding the CARES act and other programs are unlikely to represent

behavior if the pandemic persists or unemployment benefits and durations return to typical

levels.

This paper overcomes the challenge presented by the lack of real time data on application

and allowances by analyzing outcomes for a range of pandemic scenarios within a structural

equilibrium model. The predictive power of the model comes from two dimensions. First, the

calibrated model reproduces labor supply elasticities consistent with existing knowledge of labor

supply and SSDI application behavior. In particular, it replicates these behaviors over the cross

sections of income and health as well as these behaviors over the business cycle and in response

to more permanent industry shocks. Second, the model features an equilibrium labor supply

and demand across different education groups and sectors governing whether work can be done

at home or not. Labor is not perfectly substitutable across education groups or sectors and

reductions in labor supply will be mitigated by increases in wages where labor is demanded.

Several simulations considering pandemics of different lengths and impacts are considered.

Taken together they point to a few main results, both in the aggregate and cross-section.

First, the length of the pandemic is the most important determinate of it’s aggregate impact.

Pandemics up to three years in length produce increases in SSDI allowances that are similar to

a typical recession. Allowances increase by about 10% total and the stock of SSDI beneficiaries

rises from 5 percent of the working age population to about 5.5 percent. The impact of a

pandemic that lasts longer sharply increases. In the limiting case of a permanent pandemic state,

the share of the working age population collecting SSDI benefits at least doubles. The muted

response of SSDI allowances in the case of a shorter pandemic comes through two channels.

First, the lengthy processing time associated with an application is not worth the trouble if

the pandemic is short and one would like to return to work when it is over. Second, there is

substantial reallocation of workers vulnerable to severe illness from COVID towards jobs that

can be done from remotely from home during the first couple months of the pandemic.

The costs of the pandemic are borne unequally across education groups. Workers without a

college degree are more likely to stay or even take the jobs that cannot be done remotely and

carry elevated health risks. Workers with a college degree and a health condition that puts them

at risk to serious illness from COVID are more likely to reduce their labor supply, but they do

not necessarily go on to collect SSDI. This is partially because they are less likely to apply if the

pandemic is short and also because the applications of college educated workers who do apply
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are more likely to be rejected as is inline with the vocational aspect of the SSDI determination

process.

2 Facts about the COVID Vulnerable Workforce

2.1 Evaluating COVID Vulnerability

The Center for Disease Control (CDC) has specified a collection of serious medical conditions

that may put individuals at higher risk for severe illness from COVID-19, (Centers for Disease

Control and Prevention (Accessed May 10, 2020)). Individuals having one or more of these

conditions were advised by the CDC to be particularly vigilant about staying home and avoiding

close contact with others in order to reduce their risk of contracting the virus. As such, we

consider having any of the specified conditions as an indicator of additional labor market risk

for individuals who cannot work from home. They may not be able to safely work outside of

the home and need to request leave or quit their jobs. These conditions are in-line with the

major indicators found in the CDC’s analysis of samples of COVID-19 patients in intensive care

units (ICUs) published in their Morbidity and Mortality Weekly Reports (such as Covid et al.

(2020) ) . They are also similar to the conditions found to increase hazard ratios in an estimated

multivariate risk model using a sample of 24 million English patients (Williamson et al. (2020))

with the exception of hypertension which is not found to be significant in the English study.

The specific conditions identified by the CDC are as follows: (1) moderate to severe asthma;

(2) chronic kidney disease currently being treated with dialysis; (3) chronic lung diseases such

as chronic obstructive pulmonary disease (COPD) including emphysema and chronic bronchitis,

idiopathic pulmonary fibrosis, and cystic fibrosis; (4) diabetes of any type; (5) hemoglobin dis-

orders such as sickle cell and thalassemia; (6) immunocompromised including cancer treatment,

bone marrow or organ transplant, HIV, and prolonged use of corticosteroids; (7) chronic liver

disease including cirrhosis; (8) serious heart conditions including heart failure, coronary artery

disease, congenital heart disease, cardiomyopathies, and pulmonary hypertension; (9) severe

obesity defined by a body mass index (BMI) of 40 or more. The CDC also identifies individuals

of advanced age over 65 and those in a nursing home or long-term care facility as being at

elevated risk for severe illness from COVID-19. However, since we are focused on the COVID

vulnerability of the labor force, we exclude these populations from our analysis.

The “COVID vulnerable” population is defined by an indicator for having one of these CDC

defined conditions in the 2017 National Health Interview Survey (NHIS). The sample is limited

to individuals responding to both the sample adult file and the sample file because questions

related to several conditions are only asked of the smaller subset of sample adult respondents.

This leaves 19,890 persons in the sample. The list below details how the indicator is constructed

for each condition. Included in parenthesis are the estimated population percentages for the age

group 18-65 having each conditions, using the sample adult weight

• Moderate to severe asthma (3.57%). Having had an asthma attack in the last 12 months
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or having had visited an emergency room or urgent care center because of asthma in the

past 12 months and still having asthma.

• Chronic kidney disease currently being treated with dialysis (1.19%). Having been told in

the last 12 months that they have weak or failing kidneys (does not include kidney stones,

bladder infections, or incontinence).

• Chronic lung diseases such as chronic obstructive pulmonary disease (COPD) including

emphysema and chronic bronchitis, idiopathic pulmonary fibrosis, and cystic fibrosis (5.28

%) . Having ever been told by a doctor that they have COPD. Having a chronic lung or

breathing problem such as asthma or emphysema. Having been told by a doctor that they

have chronic bronchitis in the past 12 months.

• Diabetes of any type (6.75%). Report currently have any type of diabetes.

• Hemoglobin disorders such as sickle cell and thalassemia (N/A) . Not included. Only asked

in the child survey.

• Immunocompromised including cancer treatment, bone marrow or organ transplant, HIV,

and prolonged use of corticosteroids (0.50%) .] Having chronic cancer.

• Chronic liver disease including cirrhosis (1.16%). Having been told by a doctor they have

chronic liver disease of any kind.

• Serious heart conditions including heart failure, coronary artery disease, congenital heart

disease, cariomyopathies, and pulmonary hypertension (1.72%) . Having a chronic heart

condition, includes coronary heart disease. Having chronic hypertension .

• Severe obesity defined by a body mass index (BMI) of 40 or more (8.37%) . Having a BMI

of 40 or higher.

Altogether, the estimated age 18-65 population prevalence of any condition putting individ-

uals at high risk is 21.36% with a 95% confidence interval (20.65%-22.06%).

A binary indicator of having any condition that may put individuals at high risk as defined by

the CDC is used instead of a continuous hazard score from regression analysis done on samples

over time. The rationale for this choice is as follows. First, in real time, the CDC advisories

lead the regression analysis. Second, even if we see the hazard scores it is not known what is

the relationship between hazard score and their effects on human behavior. Should it be linear

or otherwise? For these reasons a binary indicator as a simple baseline to define households

and individuals at higher risk that are likely to modify their behaviors more than households

at lower risk.

2.2 Characteristics of Vulnerable Individuals.

The share of the working age population with a health condition that puts them at high risk

for complications from COVID is sizeable at 25.08% with a 95% confidence interval (24.45%-
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25.71%). While COVID vulnerable individuals are over represented in the share of working

age individuals not participating in the labor force at 33.7%, they are still ccomprise a critical

share of the labor force at 18.1%. Their higher rate of non-participation is largely because of

the fact that the COVID vulnerable population is over represented in the disabled population.

Within the COVID vulnerable working age population, 18.0% are out of the labor force due

to disability compared to 3.4% of the non-COVID vulnerable working age population. The

COVID vulnerable population is also twice as likely to be retired during their working age years

compared to the non-vulnerable: 6.3% versus 3.1%.

COVID Vulnerable COVID Non-Vulnerable

In the Labor Force 66.3% 82.2%
Employed 63.2% 80.0%

Unemployed 3.1% 2.2%

Not in the Labor Force 33.7% 17.8%
Student 1.9% 4.8%

Caring for Home or Family 7.0% 6.4%
Disabled 18.4% 3.5%
Retired 6.4% 3.2%

Limited to the working age population 18-65 years old.

Table 1: Labor force status of the COVID vulnerable and non-vulnerable.

Individuals in the COVID vulnerable workforce are also more likely to be socio-economically

disadvantaged than their non-COVID vulnerable counterparts. They are lower income, less likely

to have a second earner in the household, and come from disadvantaged demographics.

From an individual perspective, the COVID vulnerable population are slightly less likely to

be married: 49.7% for the COVID vulnerable versus 52.0% for the non-vulnerable. However,

this is skewed by the fact the COVID population is older. In the 30-65 age bracket, only 54.9%

of the COVID vulnerable are married versus 65.9% for the non-vulnerable. Of the vulnerable

married population, 69.8% have a spouse that is in the labor force versus 78.6% of the married

non-vulnerable population. Summing up, we have that 44% of the total working age COVID

vulnerable population has a spouse that is in the labor force versus 55.6% of the non-vulnerable

population.

Despite the differences in risks across individuals of different demographics, COVID vulnera-

ble individuals are plentiful across society. This can be seen in table 3. It shows the distribution

of COVID vulnerable and non-vulnerable individuals across demographic types. The middle

column shows the distribution of incidence for having a household member in the same dwelling

with a vulnerability. Observe that COVID vulnerability is spread across all ages, education

levels, income, genders, races, and ethnic groups. The majority of COVID vulnerable do not

have children and a sizeable group live alone.

Are labor force participants in COVID Vulnerable households put at greater risk because

of their work arrangements? To answer this question, I categorize the share of workers likely

to be able to work from home according to their reported occupation following Mongey et al.

(2020). Of the set of COVID vulnerable participants, 36.3% are in occupations that report it

is unlikely they would be able to work from home. This is not statistically different at the
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Covid-Vulnerability Hazard
Self Any Member

Age
18-34 12.5 17.4
35-44 16.0 18.6
45-54 22.3 23.9
55-64 27.1 31.0

Education
No College Degree 19.8 24.7
College Degree 16.3 18.7

Income
0-35,000 23.8 26.4
35,000-100,000 18.9 22.9
100,000+ 13.5 17.4

Gender
Male 15.5 20.5
Female 21.2 23.3

Race & Ethnicity
White 18.6 21.5
Black 21.1 25.2
Asian 10.5 20.5
Hispanic 18.2 21.8

Living Arrangement
Alone 19.9 19.9
w/ married partner 17.9 19.1
other 14.5 32.2

Children in Household
Any 15.8 15.0
Any under 13 13.4 14.6
Any under 5 11.5 12.7

Region
Northeast 16.9 20.6
Midwest 19.5 22.0
South 20.0 22.4
West 15.7 22.2
Limited to the working age population 18-65 years old.

Table 2: Likelihood of a member of the labor force of different demographics having a COVID
vulnerability or one in their household.

95% confidence interval from participants without a condition who are unlikely to be able to

work from home: 34.5%. I also follow Mongey et al. (2020) to calculate the share of workers

working in environments where they are in high contact with other persons according to their

reported occupation. We find that 50.5% of COVID vulnerable individuals are in high contact

occupations. This is also not statistically different at the 95% confidence interval than the

non-COVID vulnerable population of participants: 49.2%.

It appears that work arrangements of the COVID vulnerable labor force do mitigate some

of their health risks. If we assume that the imputation of being able to work from home by

reported occupation for the COVID vulnerable allows them to maintain employment without

increasing their risk of contracting the virus, then we are left with only 6.6% of the labor force

with a health condition that makes them vulnerable to serious health impacts from contracting

COVID that cannot work from home.

Taking stock of the data we see that the COVID vulnerable population is (1) a sizeable part

of the labor force; and (2)is more likely to be closer to the margin of exiting the labor force.
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Covid-Vulnerability in the Household
Self Any Member None

Age
18-34 31.2 30.8 39.2
35-44 20.0 18.3 22.2
45-54 25.0 23.8 21.5
55-64 23.7 27.0 17.0

Education
No College Degree 54.4 60.9 48.5
College Degree 45.5 39.1 51.6

Income
0-35,000 27.6 25.3 19.5
35,000-100,000 45.4 46.0 42.8
100,000+ 27.1 28.7 37.8

Gender
Male 44.8 46.4 50.4
Female 55.2 53.7 49.6

Race & Ethnicity
White 62.4 60.1 61.8
Black 14.8 14.4 12.0
Asian 3.8 6.1 6.7
Hispanic 19.0 19.4 19.6

Living Arrangement
Alone 39.2 26.1 29.3
w/ married partner 50.2 45.3 53.8
other 10.6 28.6 16.9

Children in Household
Any 34.1 28.4 45.2
Any under 13 23.2 18.4 33.4
Any under 5 9.8 7.7 16.7

Region
Northeast 17.1 17.5 18.9
Midwest 24.1 21.9 21.8
South 38.3 36.7 35.7
West 20.5 23.9 23.9
Limited to the working age population 18-65 years old.

Table 3: Characteristics of labor force participants and their households depending on presence
of COVID-Vulnerability.

The latter claim comes from the facts that this group already participates less, is economically

disadvantaged, and aren’t disproportionably sheltered from exposure by their work arrange-

ments. The last piece relevant to their participation that will be included in the model is the

option to apply for SSDI. It is apparent in the data that this is a relevant avenue to exit the

labor force for the COVID vulnerable group since they already have SSDI rates more than five

times higher than the non-vulnerable population. Although we have not yet seen judgements

on how the SSA will handle applications in light of COVID, there are signs that inability to

work due to a disability combined with a COVID risk would qualify. The determination rules

state that an applicant must have a condition that is permanent or expected to result in death

whereby he or she cannot perform past work or adapt to work available. These list of conditions

generally satisfy the health requirement and COVID may tip the vocational requirement so that

no safe work is available. Second, a signal of how the SSA may proceed comes from the EEOC

decision that the Americans with Disability Act provisions apply to COVID-19. This means

reasonable accommodations must be provided to protect those with disabilities and several of
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the conditions provided by the CDC to classify individuals as COVID vulnerable qualify as

disabilities.

3 Model

The economy is populated by a continuum of stochastically lived agents who differ perma-

nently in whether they have poor health d ∈ {0, 1}, their education s ∈ {s1, s2...sS}, and their

preferences related to work in and outside the home z ∈ [z, z̄], where f(z) is the probability

distribution function over Z.

Production takes place in J = S × H sectors. These sectors are divided by the education

level required (S) and whether or not they can be done from home h ∈ H ≡ {0, 1}. Sectoral

output is aggregated into a single consumption good by a finals good sector. Agents must work

in the sectors their eduction is suitable for, but can move between sectors that allow working

from home and those that do not, subject to search frictions.

The state of the economy is Z. It encompass all of the information an agent needs to forecast

the future path of the aggregate state relevant to him: the pandemic state, wages, taxes, and

transfers. The pandemic state is exogenous and can take two values. For the first value, there

is no current pandemic and none is expected in the future. For the second value, the economy

is in a pandemic. During this time work outside of the home carries additional costs associated

with the risk of death or serious illness. These risks are even higher for individuals with poor

health d = 1. The economy will transition back to the no pandemic state when a vaccine is

found. Agents have rational expectations over the probability a vaccine is found but when the

economy is in a no pandemic state, agents expect to remain in that state indefinitely.2 Wages,

taxes, and transfers are all endogenous and agents have rational beliefs about how they will

evolve.

Value Functions of Individuals in Steady State. Consider an individual of permanent

type X = {s, d, z} currently employed in sector j = {s, h} with savings a. At the beginning of

the period, he observes the state of the economy Z and chooses whether to continue working in

sector j, quit to search for employment in any sector available to his education type s: j′ ∈ Js;
or quit to apply for disability benefits.

V (X, a, j;Z) = max{V e(X, a, j;Z);V u(X, a;Z);V A(X, a;Z)}

The first term is the value of continuing to work in sector j. The second is the value of

quitting to unemployment. The third term is the value of applying for disability. The value of

the first term is as follows.

2This assumption is motivated by the rare occurrence of pandemic events in the 20th and 21st centuries.
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V e(X, a, j;Z) = max
c,a′≥0

ue(c, s, d, z, j;Z) + βEZ′|Z((1− δs(Z))V (X, a′, j;Z ′)

+ δs(Z) max{V u(X, a′;Z ′);V A(X, a′;Z ′)})

st c+ a′ = τ s(Z)κ(d)w(s, j) + (1 + r)a

The agent faces a typical choice of allocating his resources between consumption c and

savings a′ given his net labor income τ s(Z)κ(d)w(s, j) and wealth (1 + r)a. His utility function

ue(c, s, d, z, j;Z) affects his tradeoff of consumption today versus future periods. His marginal

utility is generally higher when he is employed and depends on sector j because individuals

have a distaste for working away from home that depends on several factors. This distaste is

higher for individuals with a higher idiosyncratic distaste for work z. It is also amplified during

a pandemic (Z > 0), is higher for those in poor health, and may differ across skill groups due

to the nature of their work.

The wages paid to this worker are the equilibrium wages per efficiency unit in sector j

multiplied by the efficiency units provided by the worker: κ(d). Efficiency units are equal to one

for those in good health and less than one for those in poor health. This assumption is common

in the structural literature on disability and is empirically evident. Wages are taxed according

to τ s(Z). The tax rate is progressive in the sense that higher educated workers are also higher

earners and are taxed more.

The discount factor is assumed to be common across individuals. The continuation value

depends on whether a worker looses his job with probability δs(Z). If he does not, he returns

to the same choice V (X, a′, j;Z ′) which includes the option to continue work. If he loses his

job, he chooses between searching for a new job in unemployment or filing for disability. If he

chooses to search for a new job, he also chooses the sector j in which to search as shown in the

following optimization problem.

V u(X, a;Z) = max
c,a′≥0

un(c) + βEZ′|Z(λs(Z) max
j′∈Js

V (X, a′, j;Z ′) (1)

+ (1− λs(Z)) max{V u(X, a′;Z ′);V A(X, a′, ;Z ′)}) (2)

st c+ a′ = bs(Z)κ(d)w(s, 1) + (1 + r)a (3)

The unemployed searcher has a different utility function un. Since he is not working outside

of the home and is sheltered from some pandemic risks his marginal utility of consumption is

lower. His income consists of unemployment benefits bs(Z)τ(d)w(s, 1). Unemployment benefits

replace a share of recent wages subject to a cap and can depend on the state of the economy.

To simplify the task of keeping track of past wages, the reference wage for the replacement rate

is that in sector j = 1.3

3The choice of sector matters little in robustness checks on the quantitative model.

9



The searcher finds a job with probability λs(Z) and can choose to start work in his preferred

sector j next period. The job finding rate depends on both sector and the stage of the pandemic.

The value of applying for disability is as follows.

V A(X, a;Z) = max
c,a′≥0

un(c) + βEZ′|Z [π(s, d)V D(X, a′;Z ′) (4)

+ (1− π(s, d)) max{V u(X, a′;Z ′);V A(X, a′;Z ′)}] (5)

st c+ a′ = c + (1 + r)a (6)

The disability applicant has the same utility function as the unemployed agent. He does not

suffer disutility from working. His income is also similar, but he does not collect unemployment

benefits. Instead, he is provided with a consumption floor c from the government. This encap-

sulates welfare programs such as TANF (food stamps), which have been shown to be relevant

to the application decision (Low and Pistaferri (2015).

An application is allowed with probability χ(s, d). The allowance probability is less than

one for individuals in poor health due to both processing wait times and imperfect screening

which are empirical features of the US SSDI program. Additionally, the allowance probability

is decreasing in education and higher for those in poor health in line with the vocational grid

feature of US SSDI (Michaud and Wiczer (????)). Following the DI literature, it is assumed

that once an individual’s application is allowed that they remain on the program until death.

The value V D(X, a′;Z ′) is the present discount value to the individual of consuming smoothing

given his assets a′ and flow income SSDIsκ(d)w(s, 1) until death. SSDI payments replace a

higher share of wages for lower income people. This is captured by having the replacement rate

be conditional on education. Since past wages are not included in the state to simplify the state

space, the reference wage is that in the lowest paid sector. If the applicant is rejected he will

choose whether to search for a job or to continue to apply in the next period.

Production. Intermediate goods are differentiated across the J = S×H sectors. A represen-

tative firm in sector j solves a static optimization problem. It hires efficiency units of labor nj

in order to produce sectoral output xj with the objective to maximize profits each period. It

takes as given the market price for output, pj , and the market wage for labor, nj, in sector j.

πj = max
nj

pjxj − wjnj (7)

st xj = nj (8)

The final consumption good is produced by combining intermediate goods. The problem of

a representative final goods producer is to choose quantities of intermediate goods to maximize

profits while taking prices of these goods as given.
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Πj = max
Xj

Y −
∑

j∈S×H
pjXj (9)

st Y = (
∑
s

(νsYs)
σ−1
σ )

σ
σ−1 (10)

st Ys = (
∑
h

(µshXsh)
γ−1
γ )

γ
γ−1 (11)

The production technology is a compound CES. Total output by workers with education s is

a combination of output produced by that workers of education s working outside the home Xs0

and those working at home Xs1. The parameter ρ governs the elasticity of substitution between

the two in producing the final good. The single aggregate output good combines total output

by workers in each education group s with σ governing the elasticity of substitution between

output produced by workers with different educations.

Equilibrium Definition at the No Pandemic Steady State. Let ΛE(s, d, z, a, j) be the

measure of workers of education s, health d, asset position a, and preferences z, who are working

in sector j. Let ΛU (s, d, z, a) be similarly defined for unemployed workers. Let ΛA(s, d, z, a) be

similarly defined for individuals applying for SSDI and ΛD(s, d, z, a) be the stock of those on

SSDI. Then, a stationary equilibrium is a set of prices {pj , wj}, taxes {τ s}, and distribution of

agents {ΛE ,ΛU}, {ΛA}, {ΛD}; of labor demand {nj}, of intermediate goods supplied {xj}, and

intermediate goods demanded {Xj} such that:

• Labor market clearing occurs on each industry island.
∑

d(
∫
a

∫
z κ(d)ΛE(s, d, z, a, j))f(z)dzf(a)da =

nj for all j.

• Intermediate goods markets clear. xj = Xj for all j.

• Tax revenues equal government expenditures on unemployment benefits, disability insur-

ance, and the consumption floor.

• The evolution of workers across labor market states satisfies their optimization problems

and satisfies stationarity. Dead workers are replaced by workers of exactly the same state

with the exception of workers who are currently on disability. They are replaced by workers

of the same individual state, but start life unemployed.

Dynamics Outside of Steady State. Moving away from the no pandemic steady state,

agents must also consider how prices evolve over transition paths. Namely, the wages in the

economy {wj} depend on the number of individuals working in all sectors that period {nj}.
Agents use rational expectations to form beliefs about future wages in each sector. In other

words, the model is solved by finding a path of wages in all sectors such that when agents are

given this path of wages as their expectations, agents’ endogenous job search choices aggregate
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to this path as an equilibrium. Since we can not be certain that this path is unique, we choose

the path that maximizes the share of agents in poor health working from home.4

The path of taxes away from the steady state evolves as follows.5 It is assumed as a baseline

that the government does not adjust tax or transfer rates while the pandemic is in progress. The

government will fund any deficits during this time by borrowing from abroad at interest rate

R∗ which may be different from the interest rate paid on domestic household savings. When

the pandemic is over, the government will raise the tax rate by the amount required such that,

with tax rates declining at a constant rate, both the debt is paid off and taxes return to their

steady state levels in 100 years.

4 Characterization and Calibration of the No Pandemic Steady

State.

The model will be calibrated such that the no pandemic steady state equilibrium replicates the

cross sectional distribution of individuals cross education, health, sector of employment, and

labor market states estimated from the 2017 NHIS data.

The time period duration is one month. Preferences follow the utility specification of Low

and Pistaferri (2015) with modifications due to the simplicity of the present model. As in Low

and Pistaferri (2015), agents have disutility from working and this disutility is higher for agents

in poor health. To this, a higher disutility of work outside the home is added. Unlike Low and

Pistaferri (2015) the present model does not have as rich heterogeneity in human capital and

health. For this reason, the present model does not provide continuous variation in the net value

of applying for disability across of individuals from these states alone. In other words, there are

few health-education types and if one individual in a type applied most all would subject to

slight variation in assets in the steady state. To remedy this a heterogenous preference for work

z is added to provide continuous variation in the net value of applying for disability.

The resulting utility function specification is written in Equation 12. The φ parameters are

negative and reflect a higher disutility for working outside the home h = 1 and higher disutility

for those in poor health d = 1. We also allow the disutility of working outside the home to differ

by education s. This is necessary to match the share of workers of each education type working

outside of the home in the data. All disutility values are multiplied by idiosyncratic distuility

parameter z. The remaining preference parameters are set within a normal range: η = 1.5 and

β is set to provide a 0.96 discount annually.

ue(c, s, d, z, j;Z) =
(ce(zφ

sh(sh)+zφsdh(sdh)+φd(d)))1−η

1− η
un(c) =

c1−η

1− η
(12)

4Suppose the path of wages calls for 40% of low educated workers to work in the work from home sector at
time t. There may be multiple allocations of low educated workers with and without poor health across work
from home and not work from home that can satisfy this path as an equilibrium.

5This is not a study of optimal dynamic taxation in the Ramsey sense or otherwise. Surely the model is
missing important aspects related to a pandemic or optimal taxation in general that policy makers would want
to consider.
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The distribution of the idiosyncratic type z is assumed to be log normal. This assumption

is motivated by the empirical distribution of wage residuals. The mean is normalized to 1 and

the standard deviation is a free parameter to be estimated. The φ preference parameters and

the standard deviation jointly target the empirical distribution of individuals across education,

health, and sector of employment or collecting disability as calculated from the 2017 NHIS

survey in Section 2. This estimation is exactly identified with 8 parameters to match 8 moments,

but we place additional restrictions on parameter values to be sure the model well captures

the elasticity of labor supply of workers with poor health. To do this, we target an average

zφsh(sh) + zφsdh(sdh) of employed workers to equal the analogous value in Low and Pistaferri

(2015). The additional average φd for workers in poor health is chosen to be 75% of the value

in Low and Pistaferri (2015). This is because the health conditions defining poor health in our

sample are generally milder in the sense they are less correlated with SSDI uptake.

Prices at the no-pandemic steady state fall easily from the intermediate and final goods

producers’ optimization problems. From the intermediate goods we have wj = pj . From the

final goods producer’s problem we have that the ratios of wages and quantities in sector h and

h′ for education group s is:
wsh
ws,h′

=
µsh
µsh′

(
xsh
xsh′

)
−1
σ (13)

Across education groups s and s′ we have:

wsh
ws′,h′

=
µsh
µs′h′

νs
νs′

(
xsh
xs′h′

)
−1
σ (

Ys
Ys′

)
1
σ
− 1
γ (14)

The parameter governing elasticity of substitution between education groups is set so the

elasticity equals 1.5, a central estimate from the literature when both men and women are

included (such as in Katz and Murphy (1992)). The elasticity of substitution between jobs that

can be done at home and those that can be not is set to 2. This choice is motivated by the

discussion in ?. The efficiency units provided by agents working in each sector {xsh} is taken

directly from the 2017 NHIS data. This distribution includes that the work of agents with a

health condition is discounted at rate κ. The parameters κ, µsh, and νs are chosen to match

wage differentials according to the regression in Table 4 using the 2017 NHIS data.6 Taking

stock we have a 15% efficiency penalty for COVID vulnerable persons. This is in line with the

penalty for a moderate disability in Low and Pistaferri (2015) and Michaud and Wiczer (????)

who each provide a more sophisticated analysis with panel data that includes individual fixed

effects. The wage premia for working in a job that cannot be done from home are 16% and 11%

for non-college and college, respectively. The college premium is 46%.

6Annual income is provided in discrete bins. Midpoints of these bins are used in the estimates.
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Table 4: Wage Estimation.
Dependent Variable: (ln(annual income))

age 0.1222 No college, WFH -0.1697
(0.00285) (0.0197)

age2 -0.0012 College, WFH -0.1122
(0.00003) (0.02529)

married 0.0958 Midwest -0.0285
(0.01374) (0.02094)

female -0.3839 South -0.0088
(0.01352) (0.01986)

college 0.4610 West 0.0512
(0.01690) (0.02122)

race=black -0.1557 COVIDvulnerable -0.1557
(0.02265) (0.02265)

race=asian -0.0972
(0.03025)

hispanic -0.1836
(0.01980)

Observations 13,186
R2 0.293
Sample and variable construction detailed in section 2.
WFH= work in occupation that more than 50% of respondents report could be done from home (Mongey et al. (2020).
COVID vulnerable is defined as having one or more conditions classified by the CDC (section 2).

Flow dynamics at the no-pandemic steady state are simple. First consider newly born agents.

Every agent who dies and is not on disability will be replaced by an identical agent. Therefore,

their death has no net impact on the distribution of agents of their type across industry or

employment states. Agents who are on disability and die are replaced by an agent with the

same permanent characteristics s, d, z but as an unemployed agent who can choose whether to

search for a job in any sector or file for disability. However since there are no idiosyncratic shocks

and the model is at a stationary steady state, it is easily obtained that the optimal solution of

this agent will be to file for disability just as the agent with the same fixed type did.

The allowance probabilities for disability applicants are chosen to reflect the delays and

errors that are characteristic of the US Social Security Disability system. In accordance with

Benitez-Silva et al. (2004), the probability an application from an individual in poor health is

awarded is 80% while the same probability for an individual in good health is 25%. College

educated applicants have a 15% lower probability of allowance on the margin. These award rate

are further discounted to reflect a median wait time to allowance of 13 months.7 The exogenous

exit rate of the disabled population to death or by aging out is chosen to provide a steady state

stock of disability beneficiaries in each demographic that is equal to its empirical counterpart.

A stationary labor market at the steady state requires flows into employment in sector

j to equal exogenous flows out of sector j by job destruction (1 − δj). The job destruction

7Processing and appeal hearing delays have historically increased during recession. As of this writing, the
backload of SSDI appeal hearings has tripled from pre-pandemic levels. An extension of this model could consider
the deterrent aspect of these delays on applications and how this translates into total beneficiary dynamics.
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1 − δj and job finding rates 1 − λj differ by education. The job finding rates are set to 0.3

for non college and 0.35 for college. The differential between education groups are chosen to

match the differential found in the monthly empirical estimates of Wolcott et al. (2018) who

uses 2007 Current Population Survey data. The levels are chosen to replicate the short median

unemployment duration prior to the pandemic of about 3 months. The job destruction rate is

then chosen to provide the correct ratio of employed to unemployed in each skill group as in

the NHIS data. This yields a job loss rate of 0.018% for non-college and 0.008% for college to

match unemployment rates of 4.5% and 2.5%, respectively. We choose to target the duration

of this frictional unemployment instead of the duration of an employment match or taking job

loss rates correctly because the job finding rate has been shown to be more relevant for the

participation decisions that are the focus of this paper. Those in poor health can always quit

to apply to disability if they’d like, but they face search frictions if they want to move from

unemployment to work.

Table 5: Labor force status Targets.

No College Degree College Degree
Non- Vulnerable COVID Vulnerable Non-Vulnerable COVID Vulnerable

Share of Pop 39.7 13.3 39.2 7.8
Employed 36.5 8.9 37.4 6.1

Can’t WFH 30.7 7.3 18.0 2.9
Can WFH 5.8 1.6 19.4 3.2

Unemployed 1.5 0.9 0.9 0.3
SSDI recipient 1.4 2.1 0.7 0.8
SSDI applicant* 0.3 1.4 0.2 0.6
Calculated from the 2017 NHIS
*residual, not observed in data

Parameters related to the government are as follows. The consumption floor c is set to

equal 3% of the median wage in the model. This approximates the share of GDP spent by the

federal government on welfare programs including TANF and SNAP, a calibration strategy also

found in ?. Unemployment benefits equal 35% of the median wage differentiated by skill group.

Social Security Disability payments are set to equal the median replacement rate observed in

the data, applying the rate for the second AIME quartile to less than college and the rate for

the fourth AIME quartile to college: 55% and 42%, respectively. Taxes are progressive in the

sense that college educated have a labor income tax rate that is twice as high as non-college.

The no pandemic steady state level of these tax rates is chosen to exactly fund government

expenditures on the consumption floor, unemployment benefits, and disability benefits.

Table 6: Dis-Utility of Work Parameters.

φs -0.22,-0.22 (no college, college)
φd -0.32 COVID Vulnerable
φ0dh -0.053,-0.13 no wfh (no college & not COVID Vulnerable, no college & COVID Vulnerable)
φ1dh -0.13,-0.18 no wfh (college & not COVID Vulnerable, college & COVID Vulnerable)
stdev(z) 1.33 z is idiosyncratic multiplier on φsdh and φs

The root of the sum of squared errors produced by the model cross section of labor market

status compared to the NHIS data is 0.00227. Table 7 shows the model statistics analogous to
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their empirical counterparts in table 5. The calibrated model does an excellent job of matching

the demographics of SSDI recipients. However, it does over-predict the share of COVID vul-

nerable individuals with a college degree that are employed. It also generates slightly too many

COVID vulnerable individuals who can work from home.

Table 7: Labor force status Targets.

No College Degree College Degree
Non- Vulnerable COVID Vulnerable Non-Vulnerable COVID Vulnerable

Share of Pop 39.7 13.3 39.2 7.8
Employed 36.2 9.4 37.4 6.8

Can’t WFH 30.7 7.2 17.2 2.7
Can WFH 5.5 2.2 20.2 4.1

Unemployed 1.8 0.5 1.0 0.2
SSDI recipient 1.4 2.1 0.7 0.7
SSDI applicant* 0.3 1.3 0.1 0.1
Calculated from the 2017 NHIS
*residual, not observed in data

5 Comparison of a Pandemic Steady State to a No Pandemic

Steady State.

To see how a pandemic affects the economy, consider a worst case scenario where the pandemic

lasts forever. To make this comparison, we must take a stance on how policies and preferences

change in this new economy. To start we will fix policies as unchanged and consider the following

changes to preferences shown in the following graphs. First, the different shaded lines going

from darkest to lightest increase the dis-utility of work outside the home for all individuals by

increasing the parameter φsdh by 0,10,20,30, and 40 percent relative to the no pandemic steady

state. For each of these lines, as we move rightwards on the x-axis we are increasing φsdh for

the COVID vulnerable population in poor health (d = 1). In sum, the point on the darkest line

nearest to the y-axis is the no-pandemic steady state, disutility of work outside the home is

increasing for the lighter lines and this disutility is increasing additionally more for the COVID

vulnerable as we move rightwards on the x-axis.
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Figure 1: Disability Beneficiary Rate in Potential Pandemic Steady States

Figure 1 shows the change in the DI beneficiary rate from a pre-pandemic steady state of

4.9% of the working age population. The beneficiary rate is increasing in how much the pandemic

increases the disutility of work outside the home for everybody (increasing along the gradient

from dark to light grey) and in how much more the disutility is increased for COVID vulnerable

individuals. For our purposes, we will focus on the 10% higher cost assumption depicted in the

grey line the second from the bottom of the graph. Reading this line from left to right along

the x-axis provides results for various values of how many times higher the cost for COVID

vulnerable individuals increases. This means that at x = 2, the cost of working outside the

home increases by 10% for those in good health and by 20% for the covid vulnerable. At x = 3,

the cost for the vulnerable would be 30% higher than the non-pandemic case and so on. Along

this line GDP falls anywhere from 2-9.8% and DI/GDP rises between 26-190%. We will consider

an increase in the cost of working outside the home of 10% for the healthy and of 20% for the

vulnerable as a reasonable pandemic scenario. In this case, DI beneficiary rates rise from 4.9%

pre-pandemic to 6.8% in the pandemic steady states. GDP falls by 4.7% and DI/GDP rises by

74%. To put the fiscal cost into context, note that DI payments were 2.2% of GDP in the pre-

pandemic steady state and total government expenditures (including unemployment benefits

and the consumption floor) were 3.5% of GDP.
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Figure 2: Employment Rates by Health in Potential Pandemic Steady States
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Figure 3: Population Employed by Job Type in Potential Pandemic Steady States
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Figure 4: Employment Rates by Education in Potential Pandemic Steady States

The remaining Figures 2-4 show how employment changes in the pandemic steady state for

the cross-section of demographics. Figure 2 shows that employment falls for both the healthy

(left panel) and the COVID-vulnerable (right panel). As expected, the magnitude of the decline

is much larger for the COVID vulnerable since they face both a much higher disutility of work

outside the home, but they also have a higher probability of having their DI application allowed.

The fall in employment among health people comes from those who had a high idiosyncratic

disutility of work (z in model notation).

Figure ?? shows the change in employment in jobs that cannot be done from home (left

panel) and those that can be done from home (right panel). Employment falls in jobs that

cannot be done from home as workers reallocate themselves to jobs that can be done from home.

However, employment in jobs that can be done from home is not monotonically increasing in

the severity of the pandemic scenario. This is because as more and more workers move to jobs

that can be done from home the wages in these jobs are pushed further down. This in turn

pushes more individuals with high disutility of work out of the labor market entirely as wages

are not high enough for them to justify continued work. The change in wages also ameliorates

the fall in employment in jobs that cannot be done from home as worse pandemic scenarios are

considered. Wages in that sector increase as workers become less available. These results are

predicated on the calibration assumption that work from home is an imperfect substitute for

work that cannot be done from home.

Figure 4 shows the change in employment for workers without a college degree (left panel)

and those with a college degree (right panel). The interesting result here is that employment

falls more for more educated workers. Why so? This result stems from the preference parameters
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found in the no pandemic calibration to match the behavior of each group in the NHIS data. In

the data, more workers without a college degree work in jobs that cannot be done from home

despite a lower wage premium for doing so. This implies a higher disutility of work that cannot

be done from home for the college than the non-college. This then results in workers without

a college degree to be more willing to work in jobs that cannot be done from home during the

pandemic. Since workers of different educations are imperfect substitutes, wages remain higher

relative to the no-pandemic steady state in all sectors for low educated workers compared to

high. Higher wages keep more low educated workers in the labor force.

6 Transitory Pandemic Dynamics.

Let us now consider the dynamics of the DI rolls and aggregate employment for a transitory

pandemic. The economy will start in a no-pandemic steady state where agents place zero prob-

ability on a pandemic happening. Once the pandemic starts, agents have rational expectations

over the transitional dynamics including during the duration of the pandemic and into the path

returning to the no-pandemic steady state once the pandemic ends. For specific details, refer to

the end of section 3.

All of the simulations in this section consider the impact of the pandemic to increase the

disutility of work outside of the home by 10% for health agents and by 20% for the COVID

vulnerable agents.

The length of the pandemic critically affects the aggregate response (Figure 5). This occurs

first because individuals’ expectations about the pandemic length changes their labor supply

and DI application policies. The longer the pandemic, the more likely an arbitrary individual is

to have a positive net value of applying for DI. This is primarily because the opportunity cost

of going back to work after the pandemic ends is diminished as the opportunity to go back to

work is further away. The impact of individuals’ policies skewing more towards applying for DI

is compounded by a longer pandemic length. The longer length provides a longer time frame

for their applications to be allowed and the DI rolls to increase.
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Figure 5: Disability beneficiary rates for different pandemic lengths.

Dynamics coming out of a pandemic are slow-moving. The economy returns to the no-

pandemic steady state as agents on DI die or retire and are replaced with new young agents.

Although these agents have the same idiosyncratic state as the agent they replace, they do not

apply for DI because the pandemic is over. This also goes for the sectoral allocation of workers.

Following the end of the pandemic, some agents remain in the work-from home sector even

though they would not choose to search there if they were without a job because of the cost of

search frictions to move. As these individuals die, they are replaced by agents with the same

idiosyncratic state except that they are unemployed and these agents finish off the sectoral

reallocation of workers back to the no-pandemic steady state. These reallocations take longer

to unwind for pandemics that last longer. A one-year pandemic is close to the old steady state

in less than two years while a three year pandemic takes over three years to recover.

There is a wide range of estimates for the expected pandemic length. For the remainder of

this section we will consider a pandemic length within that range: 2 years. As shown in Figure

5, the disability beneficiary rate climbs by 7.8% from 4.9% of the working age population to

5.28% over the course of a two year pandemic.

Table 8: Composition of SSDI Allowances.

No Pandemic 2-year Pandemic (Cumulative)

No College
Healthy 44.2 49.7

Vulnerable 24.8 20.7
College

Healthy 20.0 20.8
Vulnerable 11.0 8.7

Consumption losses: 22%/12% for non-college/college healthy; and 6.4%/3.6% for vulnera-

ble.
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Table 9: Labor Market State by Health and Education.

No College College
Healthy Vulnerable Healthy Vulnerable

No Pandemic
Employed- Can’t WFH 57.6 6.2 44.2 13.3

Employed- Can WFH 31.9 73.7 51.1 74.8
Unemployed 4.7 3.9 2.6 2.5

Applying for DI 1.6 2.7 0.7 1.7
On DI 4.2 13.6 1.4 7.8

Pandemic
Employed- Can’t WFH 64.1 17.2 44.5 16.9

Employed- Can WFH 25.4 61.6 50.3 70.3
Unemployed 4.7 3.1 4.0 3.2

Applying for DI 1.3 0.6 1.6 1.1
On DI 4.5 15.6 1.5 8.6

Pandemic state measured in the last period of the pandemic.

Extensions and Robustness. Thus far the pandemic is the main driver of the economic

recession in the model. This abstracts from “feedback” mechanisms by which the pandemic could

propagate standard drivers of a recession. For example, the fall in labor income associated with

a fall in labor supply could reduce households’ consumption, lower aggregate demand, and cause

additional firm closures. In an extension of the model, I change the job finding and loss rates

by factors similar to recessions prior to the Great Recession.8 Following ?, I reduce/increase

job finding/loss rates by one-standard deviation of the de-trended US data from 1951-2003.

These figures are 11.8 and 7.5 percent, respectively. This results in an 18% larger increase in

SSDI beneficiaries and a 26% larger decrease in the employment rate at the peak of a two year

pandemic. These results dictate that the impact of the pandemic on labor supply could be much

larger if lay-offs increase and the demand for workers decrease.

Another way in which the pandemic has been distinct has been the Federal addition of $600

per week to unemployment benefits for the first few months of the pandemic. This is particularly

interesting because the median monthly disability benefit is only around $1200. One would then

expect the extra unemployment benefits to provide a strong disincentive towards applying for

DI. However, the model predicts that higher income individuals make up a larger share of

applicants than they do in normal times and these individuals have lower replacement rates

due to the progressivity of both programs. Furthermore, there is the question of who will bare

the burden of funding the debt incurred for the additional unemployment benefits with higher

future taxes once the pandemic is over. Due to the progressivity of the tax system this burden

will likely fall disproportionably on the higher earners. This leaves a set of complicated and

interesting questions regarding the interaction between UI policy and DI applications during

the pandemic as a future application of the model built in this paper.

Extended waiting times

8This choice is motivated by the observation that Household spending remains strong relative to the Great
Recession.
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Table 10: Extensions to the Baseline Scenario.
Baseline (1) Lower Job Finding (2) Longer DI processing (3) Higher UI (1)+(2)+(3)

Change in GDP
Change in SSDI beneficiaries
Change in Employment

No College- Healthy
No College- Vulnerable

College- Healthy
College- Vulnerable
Can’t WFH sector

Can WFH sector
Change in Consumption

No College- Healthy
No College- Vulnerable

College- Healthy
College- Vulnerable

(1) job finding rate falls 50%
(2) DI allowance probability falls 50%
(3) Unemployment benefits rise 30%
Cumulative change over a two year pandemic relative to a no pandemic steady state.

7 Taking stock

How do these results compare to normal recessions?

What do the latest data say?

8 Conclusion
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Appendix

A Robustness- Alternative Classification of COVID vulnerabil-

ity

Our chosen baseline definition of COVID vulnerable is a dichotomous measure of heighten risk

of serious health complications if one contracts the virus that equals one if the individual has

any pre-existing health condition specified as raising one’s risk by the CDC or being over the

age of 65. An alternative measure would be to consider conditions with high hazard ratios as

calculated from observed COVID deaths. Williamson et al. (2020) provides such an analysis on

a sample of 17 million British health records and 5,683 observed COVID deaths. In this study,

the authors create hazard ratios of COVID death using a simple Cox-regression. They find the

following with regards to conditions we can measure in the NHIS.9 Individuals severely obese

are 3.0 times more likely to die from COVID. Those with high blood pressure are 1.2 times

more likely. Those with respiratory disease that is not asthma are 2.4 times more likely. Those

with asthma are 1.2-1.7 times more likely. Those with chronic heart disease are 2 times more

likely. Those with diabetes are 2-3.65 times more likely depending on whether their diabetes is

controlled or not. Those with cancer are 1-1.8 times more likely with the likelihood increasing

in how recent the diagnosis was. Those with liver disease are 2.3 times more likely and those

with kidney disease are 2.2 times more likely. Finally, those having had a stroke are 2.3 times

more likely.

They also confirm that being of age greater than 60 is a significant factor even after other

health conditions are controlled for. Relative to an individual age 50-59; those aged 60-69 have

a 2.1 larger hazard of dying from COVID.10

9Having had an organ transplant increases the risk of death by 7 percent. Unfortunately, we do not have
information on this in our data, but it is a small share of the British population studied: 0.1%.

10While not particularly relevant for our analysis of labor force participants, those age 70-79 have a 4.8 times
higher hazard and those over 80 have a 12.6 times higher hazard.
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We can construct an alternative measure of COVID vulnerability by limiting our definition

of being highly vulnerable to conditions that increase risk by two fold or more. This leaves us

with the following conditions: severe obesity, respiratory disease that is not asthma, chronic

heart disease, diabetes, liver or kidney disease, having had a stroke, and being over age 65. By

this measure we find the following. Of the working age population 18-64, 20.3% are more than

twice as vulnerable to death from COVID-19. These individuals comprise 16.8% of the labor

force. This is statistically different from the 18.1% calculated using the measure of COVID vul-

nerability constructed from CDC guidelines. Half of the COVID vulnerable under this definition

are married. Of the ones that are married, 69.5% have a spouse in the labor force, so altogether

43.7% of the COVID vulnerable population by this definition have a spouse in the labor force.

Looking at the household as a whole, we find that 21.0% of the labor force is either vul-

nerable to death by COVID-19 themselves or has a household member who is. This is not

statistically different from the figure for the measure of COVID vulnerability constructed using

CDC guidelines.

Now we look at additional covariates that could affect labor supply of the COVID vulnerable

by this definition. First, 37.2% report being unable to work from home. Second, 7.0% and

3.2% are single parents to children under 13 and 5, respectively. If the former enables COVID

vulnerable individuals to continue work and the latter prevents them from doing so, we are left

with 6.5-6.8% of the labor force with a heightened incentive to exit the labor force to protect

their own health due to their age or pre-existing conditions that make them more than twice

as likely to die from COVID-19 than the average 50-59 year old. This is less than the range we

found from the CDC guidelines: 7-7.5%
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