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a b s t r a c t 

The “flatten the curve” graphic has recently become a common tool to visualize the extent to which 

pandemic suppression and mitigation measures could potentially reduce and delay the number of daily 

infections due to a pandemic. The COVID-19 pandemic has challenged the capacity of the many health- 

care systems and created cascading economic impacts on interdependent sectors of the global society. 

This paper specifically explores the impact of pandemics on the workforce. The model proposed in this 

paper comprises of three major steps. First, sources for epidemic curves are identified to generate the 

attack rate , which is the daily number of infections normalized with respect to the population of the 

affected region. Second, the model assumes that the general attack rate can be specialized to reflect 

sector-specific workforce classifications, noting that each economic sector has varying dependence on the 

workforce. Third, using economic input-output (IO) data from the US Bureau of Economic Analysis, this 

paper analyzes the performance of several mitigation and suppression measures relative to a baseline 

pandemic scenario. Results from the IO simulations demonstrate the extent to which mitigation and sup- 

pression measures can flatten the curve. This paper concludes with reflections on other consequences of 

pandemics such as the mental health impacts associated with social isolation and the disproportionate 

effects on different socioeconomic groups. 

© 2020 Institution of Chemical Engineers. Published by Elsevier B.V. All rights reserved. 
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. Introduction 

Disease outbreaks, ranging from mild to severe can lead to cas-

ading losses to interdependent socioeconomic and infrastructure

ystems ( Santos, 2020 ). A pandemic refers to a widespread out-

reak of a disease, often infecting large populations across the

lobe. Pandemics have disrupted modern civilization in several oc-

asions: H1N1 (Spanish Flu) in 1918, H2N2 in 1957, H3N2 in 1968,

1N1pdm2009 in 2009 ( CDC, 2018 ). The 1918 “Spanish Flu” is con-

idered one of the most catastrophic pandemics in modern times,

hich led to 50 + million mortalities worldwide and 50 0,0 0 0 +
eople in the US ( Taubenberger and Morens, 2006 ). Disease out-

reaks that are caused by viruses are particularly threatening since

hey could mutate and migrate at uncertain rates; as well as chal-

enge the efficacy of available vaccines or those that are still under

evelopment ( Orsi and Santos, 2010 ). The World Health Organiza-

ion (WHO), in a document published in 2007, underscored the ur-

ent need for coordinated global scientific initiatives to combat the

ise of new infections and the likely threat of a pandemic ( WHO,

007 ). Fast forward into 2020, the world has indeed borne witness
E-mail address: joost@gwu.edu 
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o the devastating and unprecedented impacts of the SARS-CoV-2,

hich is the virus associated with the COVID-19 pandemic. 

The “flat,ten the curve” concept has already been in use for

ears; nonetheless, it has particularly spiked in popularity amidst

he COVID-19 pandemic. Its purpose is to reduce the number of

aily infections (i.e., decrease the peak of the curve) albeit pro-

onging the pandemic duration so as not to exceed the constraints

f the healthcare system (e.g., hospitals, healthcare providers, per-

onal protective equipment, and life-saving equipment like ventila-

ors, among others). The “flatten the curve” concept as depicted in

ig. 1 originated from pandemic guidelines issued by the Centers

or Disease Control and Prevention ( CDC, 2007 , CDC, 2017 ). Most of

he recent extensions to the graphic happened recently such as the

se of different colors, animation, and inclusion of additional infor-

ation. For example, an article in The Economist (2020) proposed

he use of color contrast to distinguish the two epidemic waves

i.e., baseline versus flattened). Subsequently, a horizontal line was

dded by Harris (2020) in a twitter post to visualize the capacity

f the healthcare system. Such inclusion of the horizontal line fur-

her emphasized the urgent need for flattening the curve ( Roberts,

020 ). Furthermore, the use of animation and other graphics has

lso been implemented to effectively convey how pandemic mea-
reserved. 

https://doi.org/10.1016/j.spc.2020.06.001
http://www.ScienceDirect.com
http://www.elsevier.com/locate/spc
mailto:joost@gwu.edu
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Fig. 1. Visualization of the “Flatten the Curve” Concept (Adapted from CDC 2007 , 2017 ) 
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sures could potentially flatten the curve ( Stevens, 2020 , Wiles,

2020 ). 

Laboratory-based surveillance data pertaining to respiratory

and enteric viral diseases are published on a regular basis by

the CDC (2020) . In contrast, syndromic surveillance is a disease

surveillance method that utilizes statistical analysis and forecast-

ing based on health records to enable early outbreak detection

( Lombardo et al., 2003 ). In epidemiology literature, the notation

R 0 is used as a parameter for modeling the dynamics of spread,

typically used in the “Susceptible Infected Removed” (SIR) model,

as well as its extensions ( Anderson and May, 1992 ). Disease out-

breaks have been studied using population models ( Bacaër and

Ouifki, 20 07 ; Larson, 20 06 ), mixing models ( Edmunds et al., 2006 ),

and spatial analysis ( Real and Biek, 2007 ). Spatial analysis and sim-

ulation tools have also been applied to analyze the transmission of

diseases across various regions ( Perez and Dragicevic, 2009 ). Eco-

nomic models have also been developed to estimate losses from

pandemics and benefits from implementing intervention measures

( Chen et al., 2011 , Santos et al., 2013 ). 

As with any other novel coronaviruses, like the one responsible

for the COVID-19 pandemic, vaccines are not initially available. For

contagious diseases, it is particularly a concerning that the num-

ber of infections may threaten to exceed the capacity of health-

care systems. Hence, in the absence of vaccines, government and

health agencies rely on the so-called nonpharmaceutical interven-

tions (NPIs) to flatten the curve. There are two major categories

of NPIs: suppression and mitigation 

1 . Suppression measures in-

tend to reduce R 0 to values lower than 1, which could be achieved

through broad testing, contact tracing, quarantine, border closure,

and travel bans ( Huzar, 2020 ; Pueyo, 2020 ). On the other hand,

mitigation measures aim to defer the transmission of the outbreak

such that the number of cases will not surpass the capacity of the

healthcare system and hopefully achieve herd immunity along the

way. Social distancing, cloth face coverings, and hand hygiene have

been informally referred to as the “trinity” of mitigation measures.

Several other notable studies have performed comparative analy-

ses of various nonpharmaceutical intervention measures in terms

of their efficacy to flatten the curve as well as the controversies
1 In addition, containment measures can be implemented prior to community 

spread or after suppression has been effectively im plemented to detect and isolate 

individual cases. 

m  

c  

d  

o  

c  
urrounding their implementation ( Ferguson et al., 2020 ; Huzar,

020 ; James et al., 2020 ; Pueyo. 2020 ). 

Implementation of mitigation and suppression measures in the

idst of a pandemic will consequently disrupt the workforce in

arious sectors of the economy ( Santos, 2020 ). Recently, govern-

ent agencies have formulated policy recommendations on how

o minimize the impact of pandemics on the workforce (see for ex-

mple, US Department of Labor, 2020 ). Most of the previous stud-

es on workforce disruptions in the context of pandemics focus on

orkforce unavailability (or absenteeism) either because they con-

racted the disease, or they need to attend to ill family or house-

old members. For events like pandemics that primarily render

isruptions to the workforce, the concept of “forced” workforce

bsenteeism becomes a common phenomenon. Forced workforce

bsenteeism is an outcome of measures that prohibit physical ac-

ess to place of work such as lockdown, business/school closures,

r travel bans. Some economic sectors have transitioned to virtual

elivery of their goods and services to curtail the impact on forced

orkforce absenteeism. 

The primary contribution of this article is to explore the time-

arying impacts of suppression and mitigation on the workforce

nd how their associated economic losses. The subsequent sec-

ions of this article are organized as follows. In Section 2 , the

ethodology for modeling of workforce disruptions using input-

utput modeling is discussed. In Section 3 , the results of eco-

omic simulations for different suppression and mitigation mea-

ures are discussed and analyzed. Finally, the conclusions of the

aper and other reflections for future consideration are presented

n Section 4 . 

. Methods 

This paper recognizes the multifaceted nature of pandemic

isk management (and disasters, in general). For example,

antos et al. (2020) proposed the acronym WEIGHT (Work-

orce/Population, Economic, Infrastructure, Geography, Hierarchy,

ime) to emphasize the critical factors associated with risk assess-

ent and management of disasters. The novelty of the current arti-

le is to focus on the workforce factor in the context of interdepen-

ent economic and infrastructure systems, taking into account ge-

graphic, hierarchical, and temporal contexts. Specifically, the new

ontribution of this paper is the application of economic impact
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nalysis to link the effect of suppression and mitigation scenarios

n interdependent workforce sectors. 

Previous studies have revealed the staggering losses caused by

he disruptions in workforce availability pursuant to disasters. A

tudy by Ferguson et al. (2006) showed an aberrant spike in em-

loyee absenteeism rate (as high as 40%) in the aftermath of pan-

emics; and persons with symptoms have taken prolonged sick

eaves (as long as a week). Another study was performed by

antos et al. (2009) to assess the economic losses due to the 2009

1N1 pandemic for the Commonwealth of Virginia, where it has

een found that even a moderate 15% attack rate scenario could

ead to a $5.5 billion loss. 

Hence, it is of utmost importance to understand the nature

nd behavior of workforce recovery in the context of coupled

conomic-infrastructure systems subjected to disasters. The depen-

ence of different systems to the workforce varies according on the

egion and the type of sector. The higher the incidence of work-

orce unavailability, the greater the impact will be on the operation

f infrastructure systems even if they are not directly rendered in-

perable by a disaster. Particularly for pandemics, the direct im-

act is concentrated on the workforce and there is virtually no di-

ect damage to the physical infrastructure (i.e., in contrast to other

isasters that could cause direct disruption to both people and in-

rastructure). Ironically, a vast majority of disaster-related articles

ave placed more emphasis on infrastructure functionality relative

o workforce recovery ( Santos et al., 2013 ). Despite the recogni-

ion of how disasters could severely impact workforce availability,

uch of the recent literature on disaster risk management dispro-

ortionally focuses on restoration of critical infrastructure systems

endered inoperable by disasters. 2 

This paper applies the classical input-output (IO) model

 Leontief, 1936 ) to explore the impact of various pandemic mea-

ures to interdependent workforce sectors of the US economy. The

O model developed by Wassily Leontief has received the presti-

ious Nobel Prize in Economics in 1973, and since then the model

as been used in a myriad of applications ( Miller and Blair, 2009 ).

t is capable of assessing the production and consumption of in-

erdependent economic sectors. Coupled with simulation and opti-

ization, the IO model can be used as a policy tool to further en-

ance the sustainability of transactions across producers and con-

umers in the economy. Statistical agencies across the globe are

ollecting and publishing IO data to support various economic poli-

ies and decisions. More sophisticated models like the computable

eneral equilibrium (CGE) also utilizes IO data and social account-

ng matrices to model nonlinear scenarios such as substitution and

rice elasticity. IO and CGE models are becoming more and more

rominent in the area of disaster risk management. The concept of

conomic resilience has become more and more embedded in con-

emporary applications of IO-based models in the context of disas-

er recovery ( Rose and Liao, 2005 ). 

The concept of inoperability has also been used in conjunction

ith the IO model. Inoperability is similar to the complement of

eliability (or unreliability), which measures the percentage loss of

 system’s function relative to its ideal output. It is a dimension-

ess number between 0 and 1, where a value of 0 corresponds to

awless operation while 1 is complete failure ( Santos and Haimes,

0 04 ; Santos, 20 06 ). Integrating time-varying inoperability will be

specially relevant for analyzing workforce inoperability scenarios
2 A Web of Science search conducted on May 28, 2020 showed a disproportion- 

te balance amongst articles that contained the keywords “workforce” and “infras- 

ructure” in the context of disasters. To wit, Web of Science returned a total of 

8,045 articles with the word disaster . Combining disaster with infrastructure re- 

urned 5,865 articles. On the other hand, 299 articles were returned after combining 

isaster with workforce , which is one order of magnitude lower than the previous 

eyword combination. 

t  

R  

p  

m  

i  
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c  

e

nd their resulting impacts on interdependent sectors of the econ-

my. The formulation of the dynamic inoperability IO model is

hown below: 

 ( t + 1 ) = q ( t ) + K [ A 

∗q ( t ) + c ∗( t ) − q ( t ) ] (1) 

The terms in the Eq. (1) are described as follows: 

• q ( t + 1) and q ( t ): sector inoperability at time t + 1 and t . 
• K : matrix of resilience parameters associated with sector-

specific recovery rates 
• A 

∗: Leontief interdependency matrix 
• c ∗( t ): demand disruption 

Although the inoperability measure has been used in modeling

nfrastructure functionality, the dynamic behavior of workforce in-

perability (i.e., degraded levels of workforce availability) and its

oupling with sector resilience will be the focus of this paper. Just

ike the traditional definition of inoperability, workforce inoperabil-

ty is defined as the percentage of loss in workforce availability rel-

tive to the ideal level. It is further normalized relative to the to-

al production input of a sector, since a sector has other input re-

uirements to fulfill its production including materials, machines,

nd other value adding inputs, in addition to labor. Coupled with

ublicly available epidemic curves, discussed further in the next

ection, workforce inoperability can be modeled as a time-varying

unction using the dynamic model shown in Eq (1) . 

Evidently, the dependence of each sector on the workforce

an vary significantly. Sectors that typically leverage information

echnology and automation have the tendency to have relatively

ower reliance on labor. The following illustrative examples fur-

her explain the impact of workforce dependence and its relevance

hen analyzing workforce-debilitating events. Suppose that the to-

al production input of a hypothetical sector is $100 of which $10

oes to workforce, then the labor dependency ratio of that sector is

0%. In contrast, suppose that the total production input of another

ector is also $100 of which $50 goes to workforce, then the labor

ependency ratio of that sector is 50%. Hence, even if the two sec-

ors have the same total production input, the difference in labor

ependence will trigger disproportionate impacts when the work-

orce is perturbed. Another consideration that can cushion the im-

act of workforce unavailability in the aftermath of disasters is the

mplementation of workforce resilience strategies ( Acemoglu and

utor, 2010 ). For example, it is possible for some labor-intensive

ectors to implement “work from home” practices (or teleworking)

s well as “offshoring” of business operations to minimize the pro-

uction loss due to work closures ( Firpo et al., 2011 ). In the next

ection, the model shall be applied to various workforce inoper-

bility scenarios in the context of a pandemic, taking into account

abor dependence ratios specific to each economic sector. 

. Results and discussion 

In this section, we will explore several scenarios to gain in-

ights on the extent to which mitigation and suppression mea-

ures can “flatten the curve” and consequently alter the trajec-

ory of economic losses. Various studies have asserted that mitiga-

ion and suppression measures, if implemented in a timely man-

er, can effectively reduce the peak of the epi curve and delay

he propagation of the disease. Hence, it is possible to evaluate

he efficacy of various pharmaceutical and nonpharmaceutical in-

erventions in flattening the curve for outbreaks with different

 0 ( Germann et al., 2006 ). More recently, Pueyo (2020) has em-

hasized the urgency of implementing mitigation and suppression

easures to dramatically reduce the expected number of mortal-

ties from the magnitude of millions to hundreds of thousands.

hile there are ethical issues and other controversies, a signifi-

ant number of research articles have reached a consensus on the

fficacy of implementing such measures. 
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Table 1 

Summary of epi curve parameters for the baseline, mitigation, and suppression scenarios 

Scenario 1: Scenario 2: Scenario 3: Scenario 4: 

Baseline Mitigation Suppression Suppression + Continuity 

Start (Day) 0 0 0 0 

Peak (Day) 30 40 50 50 

End (Day) 60 90 120 120 

Peak Attack Rate 50% 25% 10% 10% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(  

t  

3  

p  

c  

a  

v  

p  

t  

c  

a  

w  

c  

n

 

l  

T  

p  

c  

s  

t  

a  

n  

G  

t  

a  

s  

o  

a  

t  

a

 

s  

c  

c  

f  

p  

c  

t  

s  

m  

p  

g  

1  

(  

e  

t

 

The four scenarios presented in subsequent discussions feature

hypothetical epi curves that correspond to various levels of mit-

igation and suppression measures. The underlying economic data

used in the analysis is based on the 2018 annual IO data for

the USA, which comprises of 71 sectors 3 . On the other hand, the

epi curves can be extracted from data published by several re-

search institutes and health agencies 4 . The horizontal axis of an

epi curve corresponds to time (in days), while the vertical axis

gives the count of new recorded infections (usually normalized per

10 0,0 0 0 population). Further, when the daily number infections is

expressed as a percentage of the population, it generates what epi-

demiological literature refers to as “attack rate” for each day of the

pandemic wave 5 . 

The attack rate also sheds information on the extent to which

the workforce is affected by a disease outbreak. As described in the

previous section, each sector has varying dependence on the work-

force, which can be measured using the ratio of the sector’s pay-

ments to labor with respect to its total production input. For ex-

ample, a ratio of 0.1 means that workforce compensation accounts

for 10% of the production input. This ratio can be calculated di-

rectly from supply and use tables in the IO accounts of national

statistical agencies, such as the US Bureau of Economic Analysis

(see footnote 3). 

The model presented in Eq (1) was used to simulate the in-

terdependent effects of mitigation and suppression measures. A

baseline scenario (Scenario 1) was set as the reference scenario

that corresponds to minimal intervention. Scenario 2 assumes that

mitigation measures are implemented (e.g., some social distanc-

ing, targeted quarantine, and isolation of at-risk populations). On

the other hand, Scenario 3 assumes suppression measures are en-

forced (e.g., mandated quarantine, border closure, mass testing,

travel bans, suspension of large gatherings, and school/business

closures). Finally, Scenario 4 is a hybrid of Scenario 3, taking into

account the ability of each economic sector to implement strate-

gies that can decrease the impact of workforce unavailability (e.g.,

teleworking, offshoring, or automation). The key model inputs as-

sociated with the four scenarios are summarized in Table 1 . Fur-

thermore, the workforce dependence ratios, which are also neces-

sary model inputs, are computed from publicly available data (i.e.,

workforce compensation divided by the total production input re-

quirements of the economic sectors). The primary data sources for

the subsequent case study are described in footnotes 3-5. 

Given the hypothetical parameters shown in Table 1 , the eco-

nomic loss trajectories of the sectors are presented in Fig. 2 . Sce-

nario 1, which is the baseline has the highest peak attack rate,

albeit its realization is earlier than the subsequent scenarios. The

mitigation scenario (Scenario 2) not only delayed the arrival of the

peak, but also flattened the curve. In contrast, suppression scenario
3 In the US, the agency responsible for publishing IO data for different sectors 

and regions is the US Bureau of Economic Analysis (2020) . 
4 The Johns Hopkins University and Medicine (2020) provides publicly available 

reports and infographics on the current number of active COVID-19 cases and mor- 

talities. 
5 The term “incidence proportion” is the more formal term for “attack rate” ac- 

cording to CDC (2012) . 

s  

c  

r  

S  

l  

l  

t  

p  
Scenario 3) further delays the peak and is also successful in flat-

ening the curve. Finally, Scenario 4 is a re-simulation of Scenario

, considering workforce continuity strategies in the sectors. The

eak did not change, but workforce continuity strategies further

ontribute to flattening the curve since healthy workers who are

biding by the mandated “stay at home” directives could still work

irtually despite closure of non-essential businesses. The model in-

uts for Scenarios 3 and 4 in Table 4 are the same; nonetheless

he values of the workforce dependence for each sector (see dis-

ussion in Section 2 ) has been altered in Scenario 4 to take into

ccount the application of workforce resilience strategies (e.g., tele-

orking, offshoring, and le veraging of information technology to

ontinue operations in the midst of government-mandated busi-

ess closures). 

Due to the linearity of the model, Scenarios 1-3 have simi-

ar rankings of critically affected sectors based on economic loss.

hese include: State and local general government; Miscellaneous

rofessional, scientific, and technical services; Ambulatory health

are services; Wholesale trade; Construction; Administrative and

upport services; Hospitals; Management of companies and en-

erprises; Other services, except government; and Food services

nd drinking places. The results appear to indicate that the mag-

itude of losses depend on the size of the sector (measured in

DP), as well as the labor-dependence of the sectors. In the US,

he State and local government; Wholesale trade; and Construction

re among the highest contributors to the GDP hence their inclu-

ion in the ranking is quite intuitive. Furthermore, the prevalence

f labor-dependent sectors can also be observed in the rankings

lbeit their moderate contribution to the GDP such as Adminis-

rative and support services; Hospitals; Management of companies

nd enterprises; and Food services and drinking places. 

Furthermore, it can be deduced that the sector rankings have

ignificantly changed in Scenario 4 (see last panel of Fig. 2 ), when

ompared with the first three scenarios. Such changes in rankings

an be attributed to the capability of the sectors to have work-

orce continuity plans, hence enabling them to further reduce their

rojected losses. The rankings are as follows: Ambulatory health

are services; Construction; Wholesale trade; Hospitals; Other re-

ail; Food services and drinking places; Miscellaneous professional,

cientific, and technical services; Other services, except govern-

ent; State and local general government; Administrative and sup-

ort services. Note that, for example, the impact on State and local

eneral government has improved (i.e., ranking has changed from

 to 5). In contrast, the impact on Wholesale trade has worsened

i.e., ranking has changed from 7 to 2). Furthermore, new sectors

merged in the new rankings such as Other retail; and Administra-

ive and support services. 

Table 2 summarizes the economic losses for each of the four

cenarios, aggregated for all the 71 sectors and also for the epi

urve duration associated with each scenario. The baseline scenario

eported a loss of $1.3 trillion. In contrast, the loss associated with

cenario 2 is $714 billion, which is nearly half (47%) of the base-

ine. Furthermore, the loss associated with Scenario 3 is $381 bil-

ion, which is a 74% improvement relative to the baseline. Finally,

he loss for Scenario 4 is $187 billion, an 86% reduction when com-

ared with the baseline. The % GDP loss was also calculated. For
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Fig. 2. Economic Loss Curves for: (1) Baseline Scenario, (2) Mitigation, (3) Suppression, (4) Suppression + Workforce Continuity 

Table 2 

Summary of economic losses for the baseline, mitigation, and suppression scenarios 

Scenario 1: Scenario 2: Scenario 3: Scenario 4: 

Baseline Mitigation Suppression Suppression + Continuity 

Loss ($M) 1,336,565 714,890 380,711 186,932 

% GDP Loss 7% 4% 2% 1% 

% Reduction from Scenario 1 0% 47% 72% 86% 
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he baseline, the GDP loss is 7%, and this percentage reduces when

itigation and suppression measures are implemented. It is worth

oting that the spread of the GDP loss values computed in this pa-

er are in the same order of magnitude relative to estimates from

ther sources 6 . 

Fig. 3 provides a visualization of the extent to which the mitiga-

ion and suppression scenarios can potentially flatten the curve. It

an be observed that while mitigation flattens the curve, suppres-

ion measures (Scenarios 3 and 4) are found to be more effective

n further reducing and delaying the peak of the curve. Opportu-

ities for flattening the curve to the maximum possible extent are

rgently needed to reduce the strain on the capacity of the health-

are system. The final section of this paper provides reflections on

he challenges associated with mitigation, suppression, and NPIs in

eneral and provides a few areas for future research. 

. Conclusions 

This paper utilizes economic IO data from the US Bureau of Eco-

omic analysis to analyze how nonpharmaceutical interventions

an help in flattening the curve associated with a pandemic, like

OVID-19. It has been found from hypothetical simulations of 4
6 A case in point, Morningstar (2020) predicts that the US GDP will shrink by 

bout 2.9%. 

o

 

i  

c  
cenarios that mitigation and suppression measures can dramati-

ally decrease the height of the curve’s peak and also delay its oc-

urrence. Such ability to flatten the curve is particularly crucial in

educing the pressure off the already severely constrained health-

are system. Results from this paper, expressed in monetary losses,

ppear to indicate that suppression measures have the highest ef-

cacy in curbing the economic losses. This may be counterintuitive

t first since such measures also drastically degrade the operability

f the economic sectors due to enforced business/school closures.

onetheless, even if the baseline scenario (Scenario 1) involves

ewer business closures, the peak attack rate is significantly higher

t 50% and its realization is much quicker than the other scenarios.

urthermore, countries that have implemented relaxed mitigation

easures with minimal testing and contact tracing have experi-

nced higher infection and mortality rates amongst their popula-

ions, and consequently their workforce (see, for example, Cohen,

020 ). Hence, this explains why the baseline scenario could poten-

ially lead to higher GDP loss. Severe outbreaks with high trans-

issibility and mortality rates further exacerbate the problem. It is

orth noting that a study by Correia et al (2020) , revealed that US

ities that enforced stricter measures have generally emerged with

igher employment growth years after the Spanish Flu pandemic

f 1918. 

Governments across the world however do not find it easy to

mplement suppression and mitigation measures since the asso-

iated controversies are quite evident. First is the issue of per-
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Fig. 3. Summary of Economic Loss Curves for: (1) Baseline Scenario, (2) Mitigation, (3) Suppression, (4) Suppression + Workforce Continuity 
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sonal liberty. Arguably, lockdown or stay at home directives could

encroach on the rights of each individual notably for democratic

societies. Second is the impact of isolation on mental health.

Hawkley and Capitanio (2015) , for example, have shown correla-

tions between social isolation and manifestations of mental health

issues such as anxiety, depression, as well as substance use. A case

in point, M. Alafrangy (personal communication, April 5, 2020)

who participated in 45-day confined environment in NASA’s Hu-

man Exploration Research Analog project suggested that planning

and maintaining of a strict schedule of activities could help reduce

the impact of isolation on mental health. Third is the dispropor-

tionate effects of pandemics and disasters in general on various

socioeconomic groups. 

Hence, a difficult tradeoff analysis needs to be made between

the consequences of social isolation and the magnitude of mor-

talities notably for highly transmissible and deadly pandemics like

COVID-19. Articles by Pueyo (2020) , Cheney (2020) , Yong (2020) ,

among others have strongly cautioned that inadequate implemen-

tation of suppression and mitigation measures could lead to as-

tronomical number of deaths. Hence, governments need to care-

fully evaluate the appropriate portfolios and levels of implement-

ing suppression (broad testing, contact tracing, and case isolation)

and mitigation measures (face coverings, social distancing, and

hand hygiene), especially prior to the discovery of effective vac-

cines. 

As with any disasters, uncertainty is ubiquitous more so for

events with meager historical precedence like the COVID-19 pan-

demic. The paper utilizes economic IO modeling leveraging the ex-

istence of economic datasets coupled with epi curves to simulate

the impact of nonpharmaceutical interventions on various work-

force sectors. The paper focuses only on the workforce dimension

and future opportunities are called for to investigate the other con-

sequences due to the COVID-19 pandemic such as mental health

and disproportionate impact on different socioeconomic groups.

Furthermore, the case study implemented in this paper is for the

US and as a such it does not directly provide state- or city-specific

concentrations of the loss distributions. However, the method pro-

posed on this paper could be customized to any regions pending

the availability of location-specific IO and epi curve data. Addi-

tionally, information sharing, coordination of policies, and supply

chain management across different regions can enhance the effi-

ciency of disaster risk management ( Yu and Aviso, 2020 ). Indeed,

the COVID-19 has exposed many serious challenges and shortcom-

ings in economic and infrastructure systems across the globe, and

it also serves as a reminder of the importance of continuously re-

viewing and coordinating effective disaster risk management prac-
ices to ensure the health and functionality of critical infrastructure

nd socioeconomic systems in our highly interdependent global so-

iety. 

eclaration of Competing Interest 

None. 

upplementary materials 

Supplementary material associated with this article can be

ound, in the online version, at doi:10.1016/j.spc.2020.06.001 . 

eferences 

cemoglu, D., Autor, D., 2010. Skills, Tasks and Technologies: Implications for Em-

ployment and Earnings. National Bureau of Economic Research, Inc NBER Work-
ing Papers. 4 doi: 10.1016/S0169- 7218(11)02410- 5 . 

nderson, R.M. , May, R.M. , 1992. Infectious Diseases of Humans: Dynamics and Con-
trol. Oxford University Press, UK . 

acaër, N., Ouifki, R., 2007. Growth rate and basic reproduction number for pop-

ulation models with a simple periodic factor. Math. Biosci. 210 (2), 647–658.
https://doi.org/10.1016/j.mbs.2007.07.005 . 

enters for Disease Control and Prevention (2020). The national respiratory and
enteric virus surveillance system (NREVSS). https://www.cdc.gov/surveillance/

nrevss/index.html 
DC (2017) Community mitigation guidelines to prevent pandemic influenza —

United States, 2017. https://stacks.cdc.gov/view/cdc/45220 . Accessed 25 May

2020. 
enters for Disease Control and Prevention (2018) Past pandemics. https://www.

cdc.gov/flu/pandemic-resources/basics/past-pandemics.html . Accessed 25 May
2020. 

enters for Disease Control and Prevention (2017) Community mitigation guide-
lines to prevent pandemic influenza — United States, 2017. https://stacks.cdc.

gov/view/cdc/45220 . Accessed 25 May 2020. 

enters for Disease Control and Prevention (2007) Interim pre-pandemic planning
guidance: community strategy for pandemic influenza mitigation in the United

States: early, targeted, layered use of nonpharmaceutical interventions. https:
//stacks.cdc.gov/view/cdc/11425 . Accessed 25 May 2020. 

Centers for Disease Control and Prevention (2012). Principles of epidemiology in
public health practice https://www.cdc.gov/csels/dsepd/ss1978/lesson3/section2.

html . Accessed 29 May 2020. 

hen, W.C., Huang, A.S., Chuang, J.H., Chiu, C.C., Kuo, H.S., 2011. Social and economic
impact of school closure resulting from pandemic influenza A/H1N1. J. Infect. 62

(3), 200–203. https://doi.org/10.1016/j.jinf.2011.01.007 . 
heney C. (2020). Coronavirus: drastic actions recommended to avoid crit-

ical care overload. https://www.healthleadersmedia.com/clinical-care/
coronavirus- drastic- actions- recommended- avoid- critical- care- overload . Ac-

cessed 25 May 2020. 
ohen J. (2020). Sweden’s gamble on coronavirus: has it

paid off? https://www.forbes.com/sites/joshuacohen/2020/05/23/

swedens- gamble- on- coronavirus- has- it- paid- off/#f79e302dcdef . Accessed
29 May 2020. 

orreia S., Luck S., Verner E. (2020) Pandemics depress the economy, public health
interventions do not: evidence from the 1918 Flu. https://papers.ssrn.com/sol3/

papers.cfm?abstract _ id=3561560 . Accessed 7 April 2020 

https://doi.org/10.1016/j.spc.2020.06.001
https://doi.org/10.1016/S0169-7218(11)02410-5
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0002
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0002
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0002
https://doi.org/10.1016/j.mbs.2007.07.005
https://www.cdc.gov/surveillance/nrevss/index.html
https://stacks.cdc.gov/view/cdc/45220
https://www.cdc.gov/flu/pandemic-resources/basics/past-pandemics.html
https://stacks.cdc.gov/view/cdc/45220
https://stacks.cdc.gov/view/cdc/11425
https://www.cdc.gov/csels/dsepd/ss1978/lesson3/section2.html
https://doi.org/10.1016/j.jinf.2011.01.007
https://www.healthleadersmedia.com/clinical-care/coronavirus-drastic-actions-recommended-avoid-critical-care-overload
https://www.forbes.com/sites/joshuacohen/2020/05/23/swedens-gamble-on-coronavirus-has-it-paid-off/#f79e302dcdef
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3561560


J. Santos / Sustainable Production and Consumption 23 (2020) 249–255 255 

E  

 

F  

 

F  

 

 

 

 

 

 

F  

 

G  

 

H  

 

 

 

H  

 

H  

J  

 

 

L  

L  

L  

 

 

 

T  

M  

M  

- reces

O  

 

P  

 

P  

 

 

R  

R  

R  

 

S  

 

S  

S  

 

S  

 

S  

S  

 

S  

 

T  

T  

W  

W  

 

U  

U  

Y  

Y  

 

dmunds, W.J., Kafatos, G., Wallinga, J., Mossong, J.R., 2006. Mixing patterns and
the spread of close-contact infectious diseases. Emerg. Themes Epidemiol. 3, 10.

https://doi.org/10.1186/1742- 7622- 3- 10 . 
erguson, N.M., Cummings, D.A., Fraser, C., Cajka, J.C., Cooley, P.C., Burke, D.S., 2006.

Strategies for mitigating an influenza pandemic. Nature 442 (7101), 448–452.
https://doi.org/10.1038/nature04795 . 

erguson, N.M., Laydon, D., Nedjati-Gilani, G., Imai, N., Ainslie, K., Baguelin, M.,
Bhatia, S., Boonyasiri, A., Cucunubá, Z., Cuomo-Dannenburg, G., Dighe, A., Dori-

gatti, I., Fu, H., Gaythorpe, K., Green, W., Hamlet, A., Hinsley, W., Okell, L.C., van

Elsland, S., Thompson, H., Verity, R., Volz, E., Wang, H., Wang, Y., Walker, P.G.T.,
Walters, C., Winskill, P., Whittaker, C., Donnelly, C.A., Riley, S., Ghani, A.C., 2020.

Impact of non-pharmaceutical interventions (NPIs) to reduce COVID-19 mortal-
ity and healthcare demand. In: COVID-19 Reports. Faculty of Medicine, Imperial

College, London, UK, p. 2020. doi: 10.25561/77482 . 
irpo, Sergio , Fortin, Nicole M. , Lemieux, Thomas , 2011. Occupational tasks and

changes in the wage structure. IZA Discussion Papers 5542. Institute of Labor

Economics (IZA) . 
ermann, T.C., Kadau, K., Longini Jr, I.M., Macken, C.A., 2006. Mitigation strategies

for pandemic influenza in the United States. Proc. Natl. Acad. Sci. U S A 103
(15), 5935-5940. doi: 10.1073/pnas.0601266103 . 

arris D. (2020) Important to remember that #Covid-19 epidemic control measures
may only delay cases, not prevent. However, this helps limit surge and gives

hospitals time to prepare and manage. It’s the difference between finding an

ICU bed & ventilator or being treated in the parking lot tent. https://twitter.
com/drewaharris/status/1233267475036372992 . Accessed 25 May 2020. 

awkley, L.C., Capitanio, J.P., 2015. Perceived social isolation, evolutionary fitness
and health outcomes: a lifespan approach. Philos. Trans. R. Soc. Lond. Ser. B,

Biol. Sci. 370 (1669), 20140114. https://doi.org/10.1098/rstb.2014.0114 . 
uzar T. (2020). COVID-19 suppression ‘only viable strategy at

the current time.’ https://www.medicalnewstoday.com/articles/ 

covid- 19- suppression- only- viable- strategy- at- the- current- time#COVID- 19 . 
Accessed 25 May 2020. 

ames A., Hendy S.C., Plank M.J., Steyn N. (2020) Suppression and mit-
igation strategies for control of COVID-19 in New Zealand. https:

//cpb- ap- se2.wpmucdn.com/blogs.auckland.ac.nz/dist/d/75/files/2017/01/ 
Supression- and- Mitigation- Strategies- New- Zealand- TPM- 1.pdf Accessed 25

May 2020. 

arson, R.C. , 2006. Simple models of influenza progression in heterogeneous popu-
lations. Oper. Res. 55 (3), 399–412 . 

eontief, W. , 1936. Quantitative input and output relations in the economic system
of the United States. Rev. Econ. Stat. 18 (3), 105–125 . 

ombardo, J., Burkom, H., Elbert, E., Magruder, S., Lewis, S.H., Loschen, W., Sari, J.,
Sniegoski, C., Wojcik, R., Pavlin, J., 2003. A systems overview of the electronic

surveillance system for the early notification of community-based epidemics

(ESSENCE II). J. Urban Health: Bull. N. Y. Acad. Med. 80 (2 Suppl 1), i32–i42.
https://doi.org/10.10 07/pl0 0 022313 . 

he Economist, 2020. Covid-19 is now in 50 countries, and things will
get worse. Econ.. https://www.economist.com/briefing/2020/02/29/ 

covid- 19- is- now- in- 50- countries- and- things- will- get- worse . 
iller, R.E. , Blair, P.D. , 2009. Input-output Analysis: Foundations and Extensions, 2nd

ed. Cambridge University Press, NJ . 
orningstar (2020). Coronavirus update: long-term economic impact forecast

to be less than 2008 recession. https://www.morningstar.com/articles/976107/ 

coronavirus- update- long- term- economic- impact- forecast- to- be- less- than- 2008
Accessed 29 May 2020. 

rsi, M.J. , Santos, J.R. , 2010. Probabilistic modeling of workforce-based disruptions
and input-output analysis of interdependent ripple effects. Econ. Syst. Res. 22

(1), 3–18 . 
sion . 

erez, L., Dragicevic, S., 2009. An agent-based approach for modeling dynamics of
contagious disease spread. Int. J. Health Geogr. 8, 50. https://doi.org/10.1186/

1476-072X-8-50 . 
ueyo T. (2020). Coronavirus: the hammer and the dance, what the next 18 months

can look like, if leaders buy us time. https://medium.com/@tomaspueyo/
coronavirus- the- hammer- and- the- dance- be9337092b56 . Accessed 25 May

2020. 
eal, L.A. , Biek, R. , 2007. Spatial dynamics and genetics of infectious diseases on

heterogeneous landscapes. J. R. Soc. Interface 4 (16), 935–948 . 

oberts S. (2020) Flattening the coronavirus curve, https://www.nytimes.com/
article/flatten- curve- coronavirus.html . Accessed 25 May 2020. 

ose, S. , Liao, S. , 2005. Modeling regional economic resilience to disasters: a com-
putable general equilibrium analysis of water service disruptions. J. Reg. Sci. 45

(1), 75–112 . 
antos, J., 2020. Reflections on the impact of "flatten the curve" on interdependent

workforce sectors. Environ. Syst. Decis. 1–4. Advance online publication https:

//doi.org/10.1007/s10669- 020- 09774- z . 
antos, J. , 2006. Inoperability input-output modeling of disruptions to interdepen-

dent economic systems. Syst. Eng. 9 (1), 20–34 . 
antos, J. , Yip, C. , Thekdi, S. , Pagsuyoin, S. , 2020. Workforce/population, economy, in-

frastructure, geography, hierarchy, and time (WEIGHT): reflections on the plural
dimensions of disaster resilience. Risk Anal. 40 (1), 43–67 . 

antos, J. , May, L. , El Haimar, A. , 2013. Risk-based input-output analysis of influenza

epidemic consequences on interdependent workforce sectors. Risk Anal. 33 (9),
1620–1635 . 

antos, J. , Orsi, M.J. , Bond, E.J. , 2009. Pandemic recovery analysis using the dynamic
inoperability input-output model. Risk Anal. 29 (12), 1743–1758 . 

antos, J. , Haimes, Y.Y. , 2004. Modeling the demand reduction input-output inop-
erability due to terrorism of interconnected infrastructures. Risk Anal. 24 (6),

1437–1451 . 

tevens H. (2020). Why outbreaks like coronavirus spread ex-
ponentially, and how to “flatten the curve.” https://www.

washingtonpost.com/graphics/2020/world/corona-simulator/?fbclid= 
IwAR0KWReI9vtrX0BvzEssTdr3GuhEuytyt42HPrF8BjOJGiVNdc0s9rFcn4U&utm _ 

source=reddit.com . Accessed 25 May 2020. 
aubenberger, J.K. , Morens, D.M. , 2006. 1918 Influenza: the mother of all pandemics.

Emerg. Infect. Dis. 12 (1), 15–22 . 

he Johns Hopkins University and Medicine (2020). Coronavirus resource center.
https://coronavirus.jhu.edu/map.html . Accessed 25 May 2020. 

iles S. (2020). #Flatten the curve graphic. https://twitter.com/SiouxsieW/status/
1237275231783284736 . Accessed 25 May 2020. 

orld Health Organization (2007) WHO activities in avian influenza and pan-
demic influenza preparedness (January - December 2006). https://www.who.

int/influenza/resources/documents/pip _ activities/en/ . Accessed 25 May 2020. 

S Bureau of Economic Analysis (2020). Input-output accounts data. https://www.
bea.gov/industry/input- output- accounts- data . Accessed 29 May 2020. 

S Department of Labor (2020). Guidance on preparing workplaces for COVID-19.
https://www.osha.gov/Publications/OSHA3990.pdf . Accessed 25 May 2020. 

ong, E., 2020. How the pandemic will end. Atl... https://www.theatlantic.com/
health/archive/2020/03/how- will- coronavirus- end/608719/ . 

u, K., Aviso, K.B., 2020. Modelling the economic impact and ripple effects of dis-
ease outbreaks. Process. Integr. Optim. Sustain. 1–4. Advance online publication

https://doi.org/10.1007/s41660- 020- 00113- y . 

https://doi.org/10.1186/1742-7622-3-10
https://doi.org/10.1038/nature04795
https://doi.org/10.25561/77482
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0008
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0008
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0008
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0008
https://doi.org/10.1073/pnas.0601266103
https://twitter.com/drewaharris/status/1233267475036372992
https://doi.org/10.1098/rstb.2014.0114
https://www.medicalnewstoday.com/articles/covid-19-suppression-only-viable-strategy-at-the-current-time#COVID-19
https://cpb-ap-se2.wpmucdn.com/blogs.auckland.ac.nz/dist/d/75/files/2017/01/Supression-and-Mitigation-Strategies-New-Zealand-TPM-1.pdf
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0011
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0011
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0012
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0012
https://doi.org/10.1007/pl00022313
https://www.economist.com/briefing/2020/02/29/covid-19-is-now-in-50-countries-and-things-will-get-worse
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0015
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0015
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0015
https://www.morningstar.com/articles/976107/coronavirus-update-long-term-economic-impact-forecast-to-be-less-than-2008-recession
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0016
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0016
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0016
https://doi.org/10.1186/1476-072X-8-50
https://medium.com/@tomaspueyo/coronavirus-the-hammer-and-the-dance-be9337092b56
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0018
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0018
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0018
https://www.nytimes.com/article/flatten-curve-coronavirus.html
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0019
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0019
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0019
https://doi.org/10.1007/s10669-020-09774-z
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0021
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0021
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0022
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0022
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0022
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0022
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0022
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0023
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0023
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0023
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0023
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0024
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0024
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0024
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0024
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0025
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0025
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0025
https://www.washingtonpost.com/graphics/2020/world/corona-simulator/?fbclid=IwAR0KWReI9vtrX0BvzEssTdr3GuhEuytyt42HPrF8BjOJGiVNdc0s9rFcn4U&utm_source=reddit.com
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0026
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0026
http://refhub.elsevier.com/S2352-5509(20)30506-6/sbref0026
https://coronavirus.jhu.edu/map.html
https://twitter.com/SiouxsieW/status/1237275231783284736
https://www.who.int/influenza/resources/documents/pip_activities/en/
https://www.bea.gov/industry/input-output-accounts-data
https://www.osha.gov/Publications/OSHA3990.pdf
https://www.theatlantic.com/health/archive/2020/03/how-will-coronavirus-end/608719/
https://doi.org/10.1007/s41660-020-00113-y

	Using input-output analysis to model the impact of pandemic mitigation and suppression measures on the workforce
	1 Introduction
	2 Methods
	3 Results and discussion
	4 Conclusions
	Declaration of Competing Interest
	Supplementary materials
	References


