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ABSTRACT

ESSAYS ON ENVIRONMENTAL ECONOMICS

By

JOHN ALEXANDER GOMEZ MAHECHA

MAY, 2024

CommitteeChair: Dr. Spencer Banzhaf

Major Department: Economics

Thisdissertation discusses the resultsof new empirical evidence in two topicsof signiÞcant

importance in theenvironmental economics Þeld, both of them also an essential part of my

research agenda. First, carbon pricing isoneof themost signiÞcant contributionsof Economics to

theongoing climatecrisis. Based on thePigouvian tax, carbon pricing isexpected to beamajor

tool for achieving the required reductions in carbon dioxide (CO2) and other greenhousegases

efÞciently. On theother hand, theeffect of air quality on health outcomes, and thereforehuman

welfare, hasbeen oneof themajor issuesof research in theÞeld. Understanding theassociated

costs isneeded to properly assess thealternatives to address air pollution in our citiesand

countries. The long tradition in the literaturehasaccumulated yearsof research in the topics, with

results continuously showing signiÞcant costson health outcomes. This document presents three

research paperson these two topics, addressing particular gaps in thecurrent literatureand

providing additional empirical evidence.

Chapters I and II touch baseon climatepolicy in developing countriesby exploring the

consequencesand challenges of carbon pricing in Colombia. Previousstudies havebeen centered

on theexperienceof developed countriesor groupsof them. Colombia isan opportunity to

evaluateacarbon pricing strategy under adesign that is similar to what wecan expect from future

implementations in other developing countries. First, from acausal inference framework, Chapter

I estimates theeffects of thecarbon tax on thecountryÕs emissions. In Chapter II, I useageneral

equilibrium model to evaluate theenvironmental and economic costs of amajor exemption on the



Colombian carbon tax design.

Chapter III deeps into the literatureon air pollution and itshealth outcomes. Thischapter,

written in collaboration with Dr. WesAustin, Dr. Stefano Carattini, and Dr. Michael Pesko,

explores the relationship between contemporaneousair pollution exposureand COVID-19

morbidity and mortality.
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Introduction

Thisdissertation discusses the resultsof new empirical evidence in two topicsof signiÞcant

importance in theenvironmental economics Þeld, both of them also an essential part of my

research agenda. First, carbon pricing isoneof themost signiÞcant contributionsof Economics to

theongoing climatecrisis. Based on thePigouvian tax, carbon pricing isexpected to beamajor

tool for achieving the required reductions in carbon dioxide (CO2) and other greenhousegases

efÞciently. On theother hand, theeffect of air quality on health outcomes, and thereforehuman

welfare, hasbeen oneof themajor issuesof research in theÞeld. Understanding theassociated

costs isneeded to properly assess thealternatives to address air pollution in our citiesand

countries. The long tradition in the literaturehasaccumulated yearsof research in the topics, with

results continuously showing signiÞcant costson health outcomes. This document presents three

research paperson these two topics, addressing particular gaps in thecurrent literatureand

providing additional empirical evidence.

Chapters I and II touch baseon climatepolicy in developing countriesby exploring the

consequencesand challenges of carbon pricing in Colombia. Colombia introduced its carbon

pricing in 2017, charging acarbon tax of 5 USD per ton of CO2, becoming the23rd country in

theworld to implement acarbon pricing program. Aboveall, theColombian casepresentsan

opportunity to evaluate theeffect of carbon pricing in adevelopment context.

Previous studieshavebeen centered on theexperienceof developed countries or groups of

them, centered mainly on theNordic nations and CanadaÕs experience. Colombia is an

opportunity to evaluateacarbon pricing strategy under adesign that is similar to what wecan

expect from future implementations in other developing countries, in aworld wherebig (e.g.,

South Africa, Brasil or Argentina) and small (e.g., Botswana, Senegal or Morocco) polluters, of

middleand low income, are looking to implement carbon pricing strategies, or they implemented

it, but it hasnot been evaluated.

1



TheÞrst two chaptersexplore the implementation of theColombian carbon tax from two

complementary perspectives. First, from acausal inference framework, Chapter I estimates the

effects of thecarbon tax on thecountryÕsemissions. Theproposed methodology takesadvantage

of Colombiabeing oneof theÞrst middleand low-incomecountries to implement acarbon

pricing program and estimates theeffect of the tax through theestimation of what isnow known

ascounterfactual estimators. Thisset of estimatorscombinesmachine learning with RubinÕs

potential outcome framework to provideamoreßexible framework for evaluating ÓuniversalÓ

treatmentssuch as theColombian tax. Overall, theseestimatorsprovidean alternative to the

Synthetic Control estimator in research designssusceptible to overÞtting.

In thesecond chapter, I useageneral equilibrium model to evaluate theenvironmental and

economic costsof amajor featureof theColombian carbon tax design. TheColombian

government allowed someexemptionsas in other carbon pricing designs. However, the

Colombian government included an unusual exemption on coal, excluding it from the tax base. In

particular, this exclusion could havemadean implicit subsidy over coal, thecountryÕscheaper

and morepollutant fossil fuel. In this chapter, I present acomputablegeneral equilibrium (CGE)

model for theColombian economy to identify thisexclusionÕseconomic and environmental costs.

I evaluate theconsequencesof thecoal exemption in terms of emissionsand its consequenceson

production.

Chapter III deeps into the literatureon air pollution and itshealth outcomes. TheCOVID-19

pandemic claimed millionsof livesglobally. Policymakersworldwide faced difÞcult trade-offs

between public health and economic performance, especially in theearly phaseof thepandemic,

asmany policies to curb thespread of thediseaseentail important economic consequences.

Similarly, measures to alleviate theeconomic costsduring thepandemic could also have

unintended consequenceson thespread of thediseaseand theseverity of thepandemic. This

chapter, written in collaboration with Dr. WesAustin, Dr. Stefano Carattini, and Dr. Michael

Pesko, explores the relationship between contemporaneousair pollution exposureand COVID-19

morbidity and mortality.
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In thischapter weusedaily changes in county-level wind direction, to get arguably exogenous

ßuctuations in local air quality impact the incidenceof conÞrmed COVID-19 casesand deaths.

Thispaper usesdaily information on outcomes related to theCOVID-19 pandemic, air quality,

wind, weather, and social distancing behavior at thecounty level from January 22 to August 15,

2020, for thecontiguousUnited Statesarea. Wealso incorporatedataon stateand county policies

adopted to curb thespread of thevirusand individual mask-wearing behavior asmeasured by

survey responses.

3



Chapter I : Colombian Carbon Tax: Evidenceof Carbon Pr icing in a Developing Context

1.1 Introduction

Colombia implemented its carbon tax in 2017, becoming the3rd country in Latin America to

implement oneand the23rd in theworld. SigniÞcantly, ColombiaÕs isoneof the recent

implementationsunder anew eraof carbon pricing policies, wheredeveloping countrieshave

adopted market-based approaches to mitigategreenhousegasemissions. Figure1.1 shows this

trend by differentiating between countrieswith somekind of carbon pricing (emission trading

systems - ETS or taxes) starting before2011 (green lines) or after (purple lines), either at a

regional (dashed lines) or national scale (full lines). Aswecan see, almost all of themost recent

implementationshavebeen in developing countries.

In theory, thesecarbon pricing strategiesarenot only able to correct theexternality generated

by theuseof fossil fuels, but they achieve it at a lower cost compared with other policy

alternatives. Furthermore, literaturehasbeen interested in quantifying theconsequences in

real-lifeexperiences, that is, ex-post evaluationsof carbon pricing programs (K¬oppl and

Schratzenstaller, 2021).1 Ashavebeen highlighted by Metcalf (2019, 2021) and K¬oppl and

Schratzenstaller (2021), there issigniÞcant evidenceon theeffect of carbon pricing strategieson

(1) saved emissions (Runst and Thonipara, 2020; Andersson, 2019; Metcalf, 2019; Pretis, 2019;

Lin and Li, 2011), (2) macroeconomic variablessuch asGDP and unemployment (Metcalf and

Stock, 2020; Metcalf, 2019; Bernard et al., 2018; Murray and Rivers, 2015; Yamazaki, 2017;

Dussaux, 2020), and (3) competitivenessand innovation (Venmanset al., 2020; Joltreau and

Sommerfeld, 2019).2

There is an important limitation of thisevidence, however, as it isall concentrated on the

experienceof developed countries. Furthermore, almost all of theevidencecomes from Nordic

1 Literature has differentiated between ex-ante and ex-post evaluations, where ex-ante refer to evaluations or pre-
dictionsof theresultsof acarbon pricing implementation through model simulation and other projection methods. See
K¬oppl and Schratzenstaller (2021) for moredetail in this classiÞcation.

2 Additional research hasbeen doneon two other topics: incomedistribution and theDoubleDividend hypothesis.
However, this literature isbased mostly on ex-anteapproaches.
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Figure1.1: Countries IncomeVersusCarbon Pricing Initiatives

Notes: Countrieswith acarbon pricing strategy (either carbon tax or carbon ETS) and thenational or local level.

Implementing countriesaredivided further between those that started aprogram before2011 and thoseafter 2011.

Source: Madeby theauthor based on data from Stateand Trendsof Carbon Pricing 2020 from theWorld Bank and

TheWorld BankÕsWorld Development Indicators

countriesÕexperiences, or British Columbiaand other Canadian provinces. With thenew eraof

carbon pricing, with increasing momentum in developing countries, themain question ishow

such policiesperform in thesecountries.

Thereareseveral reasonswhy weshould expect that effects will bedifferent in thisnew

context. TheÞrst and most obvious is thesizeof theprograms. For example, theprograms

implemented in Denmark, Finland, Norway, Sweden, and Canadahavehigh rates and coverage.

TheNordic countriesstarted their implementation during what is known as theÒÞrst carbon tax

waveÓin theearly 1990s.3 Although its coveragechanges signiÞcantly between countries,

varying from 38% and 64% of theemissionsof their economies, they havesomething in common:

their ratesareamong the ten highest in theworld. Sweden has thehighest ratewith US$ 119 per

metric ton of CO2 (mtCO2) while the lowest in thisgroup is FinlandÕswhich ranges between

3 Iceland will not start acarbon pricing strategy until 2010
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US$58 and US$68 per mtCO2 (World Bank, 2020). TheBritish Columbiaprogram isnot the

biggest but still hasasigniÞcant size. The tax hasbeen implemented since2008, and by 2020 it

covered 70% of theprovinceÕsemissions with a rateof US$68 per mtCO2 (World Bank, 2020).

Just for comparison, themost extensiveprogram implemented in adeveloping country during the

last ten years isSouth AfricaÕscarbon tax in 2019, with coverageof 80% but a rateof US$9 per

tCO2. Thebig question is if theprograms that could be implemented in developing countrieswill

still beenough to bend theemissionsand affect their economies. Runst and Thonipara (2020)

states, for example, that aminimum size is required for acarbon pricing strategy to work.

A second reason theeffects may differ between developing and developed countries is their

economic and political environment. It might be thecase that mitigation strategiesshould be

designed differently, for example, because theemissionssources and typesaredifferent (e.g.,

agricultural vs. industry emissions) or because thecountryÕsprioritieswhen addressing climate

changearedifferent (World Bank, 2019). For example, acarbon pricing strategy might not help

reduceemissionswhen they comemainly from agricultural activity, as they aremorechallenging

to measureand follow. Similarly, effectson GDP and unemployment would depend on the

purposeof theprogramÕs revenues. If thegovernmentÕspriority is to use those resources for

adaptation instead of reducing taxes, theeffect on thesemacroeconomic variableswould be

different. Another possiblecause is thechance that developing countries havedeÞcient markets

or institutions to implement theseprogramscorrectly. Blackman et al. (2018) and Zhao (2019)

havehighlighted theharmful effectsof governmentsÕweak regulatory capacities or the lack of

conÞdence in them when implementing market-based environmental policy.

Thispaper seeks to address thegap in evidence for developing countries in the literatureand

to inviteadiscussion about implementing carbon pricing in developing countries. Taking

advantageof other developing countries that do not yet haveacarbon pricing program, I estimate

theColombian counterfactual with what literaturehas recently named Counterfactual Estimators.

Thesehavecaught theattention of economists, and in general, of applied scientists from different

Þelds, as they provideamoreßexiblecausal inferencesetting and an ideal space for combining
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machine learning for causal inferences with observed data. First, I useacountry-year level panel

to build aprediction of ColombiaÕsemission per capitacounterfactual and estimate theeffect of

thecarbon pricing strategy. After comparing seven different counterfactual indicatorsand

multipleconÞgurationsof thedonor pool, I Þnd that theCO2 emissionsper capitawere reduced

by around 6% to 8% with the implementation of the tax. However, there isweak evidenceof its

statistical signiÞcance.

I exploredifferent possibleexplanations for the lack of statistical signiÞcance. I discuss three

possible issues. First, using an alternative identiÞcation strategy, I look for evidence that the tax is

effectively affecting thequantitiesof fuels consumed. Using regional exemptionsasasourceof

variation, I useadifference-in-differencesestimator to calculate thecausal effectsof the

exemption on theconsumption of themain liquid fossil fuelscovered by the tax. I Þnd positive

estimateson consumption of themost important fuels, but again thestatistical evidence isweak.

A second possiblesourceof the lack of signiÞcant effectscomes from thedesign of the tax. Since

the introduction of the tax in 2017, coal hasbeen exempted. If at least some industries have

low-cost opportunities to transition from taxed fuels to coal, emissions from coal consumption

will increase, and thenet effect on emissionswill beambiguous. In other work (Gomez-Mahecha,

2023b), I Þnd that theexemption on coal reducesby at least a fourth theeffect of the tax on

emissions. Finally, I explore thepossible lack of power of thedesign. Although power

calculationsare, for now, out of thescopeof thepaper, I argue that there isat least aset of

considerations that should makeusbelieve that theproposed empirical design might be

underpowered.

As an additional methodological contribution, thispaper also discusses thesigniÞcant risk of

overÞtting when using counterfactual estimators. Abadieand colleagues, parentsof theSynthetic

Control (SC), theoriginal counterfactual model, have recently advocated for theuseof smaller

control groupswith units closer to the treated unit of interest, over bigger groups with dissimile

units, and with asmany periodsof information aspossible. These two different formsof

conÞguring thedonor pool havemotivated thedistinction in the literaturebetween thin (more
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units than periods) and wide (moreperiods than units) matrices, aswell as thepracticeof

trimming thedonor pool beforeusing it. Abadieand colleagueshaveargued that under thin

matrices, it isalwayspossible to get a linear combination of thedonor pool that could match the

trajectory of theoutcomevariableof the treatment unit, but that doesnot match itsbackground

determinants, causing overÞtting. Nevertheless, the requirement to trim thedonor pool hasbeen

received with suspicion by applied researchers, as it isnot only counterintuitivebut it isalso seen

asapractice that allows for undesired subjectivity in thedesign. The recent literatureon

counterfactuals, which hasbeen concentrated on reducing theconstraintsof theSC estimator, has

suggested several new estimators that perform better under different conÞgurationsof thedonor

pool. Thispaper argues that high variability between thesedifferent counterfactual estimatorscan

beconsidered agood sign of overÞtting, although doesnot seem to account for all thevariance.

Furthermore, I Þnd that although someof thesenew estimatorshelp to face this issue, they arenot

necessarily better than more traditional approaches. In fact, for theColombian case, I Þnd that

selectively trimming donor poolsand simpleestimators (closer to theoriginal SC) showsbetter

performanceon placebo tests, and therefore they aremy preferred estimates.

Thispaper is organized as follows. First, I describe theColombian Carbon Tax and the legal

framework behind it. Later I go through thedescription of themethodological strategy,

introducing the literatureon Counterfactual Estimators aswell as thedata. Next, I present my

main results, coming from theestimation of thecounterfactual Colombia, followed by the

additional analyses, intended to improveour understanding of the results, and brießy discuss

above. I will Þnalizewith somegeneral conclusions.

1.2 TheColombian Carbon Tax

TheColombian Senateapproved theCarbon Tax in 2016 aspart of that yearÕs tax reform

(Law 1819/16), so its implementation started in January 2017. The tax was thought of as a

complementary strategy for achieving ColombianÕsCO2 reduction goal for 2030, as stated in the

ParisCOP 20 (SemanaSostenible, 2017). Although Colombia isaminor emitter in theworld,
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with only 0.34% of the total emission of greenhousegases, it hascommitted to a reduction of

20% of thebusinessasusual level by 2030 (Aristiz«abal Alzateand Gonz«alez Manosalva, 2019).

Nevertheless, the tax also coincided with oilÕsdecreasing pricesand an increasing demand for

resources from thePeaceAccords, which created signiÞcant pressureon thegovernmentÕs

budget. In fact, the reform included other signiÞcant changes, allowing thecarbon tax to pass

unnoticed by public opinion.

Thecarbon tax intends to charge for emissions of CO2 generated by thecombustion of fossil

fuelsused for energy purposes so that other formsof emissions, such asAgriculture, Forestry and

Land UseChange (AFOLU) or process emissions, arenot considered. The tax started charging

theequivalent of US$5/ tCO2 (COP15, 000/ tCO2) in thepurchaseof gasoline, kerosene, jet

fuel, diesel fuel (ACPM), and fuel oil. Natural Gasand LiqueÞed Petroleum Gasarealso taxable

but only for speciÞc industrial use. Assuggested by Monge(2018), after considering theemission

factor of each these, the tax marginally affected thepriceof the fuels representing an increaseof

less than 2% (based on data for 2017). However, the tariff isscheduled to increaseannually by the

inßation rateplusonepoint up to reach theequivalent of US$30/ mtCO2,4 recently increased by

the2022 tax reform (Law 2277/22). Theevolution of the tariffs (in USD and COP) up to 2022 is

shown in FigureA.1.

The tax iscollected by the fuelsÕproducer or importer, depending on thecase, and reports to

theNational Department of Taxes (Direcci «on de Impuestosy AduanasNacionales - DIAN). From

2017 to 2021, thecarbon tax collected 557 million USD (the taxÕs revenuesper year since2017

areshown in FigureA.2). These resourcescorrespond only to aminor fraction of the

governmentÕs revenuesby domestic indirect taxes (0.54% on average from 2017 to 2021) and all

taxes (0.39% for 2019). Even so, it meant signiÞcant new resources to theenvironmental sector

that had been left behind. The revenues from thecarbon tax havebeen earmarked since its
4 The tariff will be adjusted annually up to reach the equivalent to three Tax Value Units (Unidades de Valor

Tributario - UVT). Its equivalence will depend on the exchange rate and the UVT value, but this will be equivalent
today to COP127, 219 or US$30.16 per tCO2eq. The last adjustment wasmadeby January 2023, setting the tariff to
COP 23,394.6 (US$5.54) per tCO2eq (DIAN, 2023). Given that the rate is stated to grow in inßation plus one point,
under an expected inßation of 3% the tax isexpected to get to theceiling in 43 years.
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introduction, setting somepercentage to itsuse for environmental protection, preservation, and

restoration. Currently, 80% of the revenuesareaddressed to its use in Òstrategic ecosystemsÓ,

through programson reforestation, payment for environmental services (PES), or other typeof

instruments (Congreso deColombia, 2022). Conversely, the remaining 20% hasbeen set to fund

theNational Program on Substitution of Illicit Crops (Programa Nacional Integral deSustituci «on

deCultivosdeUso Il«õcito - PNIS). Barbier et al. (2020) havehighlighted the importance that

thesenew resourcescould have for achieving even moremitigation results, for example, by

tackling deforestation.

In termsof thecoverageof emissions, environmental authorities estimate that theemissions

associated with fossil fuelsare34.7% of the total (Rona, 2019).5 However, theemissions

associated with the fuels covered by the tax areonly 27% (MINAMBIENTE, 2018), with the rest

being thoseassociated with coal, which wasomitted from the tax asacompromisewith the

privatesector (Rona, 2019).

1.2.1 EffectiveChange in theValueof theMetric Ton of CO2

As stated before, Law 1819-2016 introducesa feeper mtCO2 produced by theprimary

fossil-based fuels (natural gas, liqueÞed petroleum gas, gasoline, kerosene, jet fuel, diesel, and

fuel oil), except coal. However, as (1) each fuel wassubject to aprevious tax, and (2) the law

introduced more than onechange, weshould Þrst makesure that the tax effectively changes the

implicit priceper emission in thecountry. TableA.1 shows the tax charged on thecovered fuels

beforeand after thenew law. Aswecan see, although themain change is the introduction of the

carbon tax, thereareother changes in the tax schemes. For example, someof them might have

been subject to changes in their excise taxes, and someof them were included in theVATÕsbase.

5 Although Rona (2019) does not specify the origin of this estimation, I obtained a similar number when using
ColombiaÕsNational GreenhousesGases Inventory of 2016 (IDEAM et al., 2016). Theuseof fossil fuelscorresponds
to around 30.7% of the Colombian emissions of CO2. Following the IPCC sources classiÞcation, the remaining
emissions come mainly from Agriculture, Forestry, and Other Land Use (AFOLU), grouping emissions from the
forestry and agriculture economic sectors, and responsible for 61.9% of CO2 emissions. Similarly, when accounting
for Greenhouse Gases (GHG), fossil fuels account for 27.1% of total emissions, while AFOLU account for 61.3%.
Deforestation accounts for at least a third of theAFOLU emissions.
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Weshould verify that, given thepre-existent taxesand other possiblechanges introduced by

the2016 reform, thecost per ton of CO2 effectively increased. To address this, weneed to (1)

derive theexplicit (i.e., carbon tax) and implicit (i.e., VAT and excise taxes) total charges per unit

of CO2 for each of thecovered fuels, beforeand after the tax reform, and (2) verify that the

averagechargeper ton of emission in theeconomy increasesafter the reform.

Wecan check thisusing information from theColombian Department of Energy and Mines

(Ministerio deMinasy Energ«õa ÐMINENERGIA) and thenational petroleum company -

Ecopetrol. The total Þscal charge (TF C) on CO2 for agiven fuel f in agiven time t (e.g., before

and after the reform) isgiven by

TF Ctf = Excisetf áEFf + VATtf áEFf + Carbont , (1.1)

whereExcisetf is theexcise tax ($ per unit of fuel) over fuel f , VATtf is thevaluecharged

becauseof VAT on fuel f (i.e., theVATÕspercentage times thepriceof fuel f in time t such that is

measureasmoney per unit of fuel), and Carbont is thevalueof thecarbon tax in period t.

Finally, theEFt stands for theemission factor of each of the fuels, measured as thequantity of

fuel f that producesa tCO2. As such, theTF Ctf is the total chargeper unit of CO2 asa result of

theconsumption of fuel f .

Table1.1 calculates theTF C for each of the fuels12 monthsbefore the implementation of

thecarbon tax (i.e., t = 2016) and 12 month after (i.e., t = 2017). WeÞnd that there isan

increment in the total chargesper unit of emission for each of the fuels. Furthermore, let usdeÞne

theaveragechargeper ton of CO2 emission in theeconomy at time t asgiven by

AverageTaxt =
Total chargeon CO2 emissions in period t

Total CO2 emissions

=
!

f Cf áTF Ctf
!

f Cf
(1.2)

whereCf is thecarbon emitted by thecombustion of fuel f for abaseyear. It iseasy to see that

theaverage tax will begreater for thepost-intervention period t = 2017 because
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TF C2017f ! TF C2016f for all fuel f . Using datacoming from theU.S. Energy Information

Administration (EIA) wecan Þnd that theaverage tax increases by 27.4% and 28%, when using

2016 and 2018 as baseyears, respectively. Based on this, the reform effectively increases the

Þscal cost of carbon emission in theColombian economy.

Thepreviousanalysis suggests that the2016 reform increases thepriceper emission in the

economy, as the tax enters in execution. Therefore, it isexpected thiswould have transformed

into changes in emissions, which weshould beable to captureby using a reasonablestatistical

design. Beforewecontinue, it isalso important to highlight that when using the tax reform asa

sourceof variation, only apart of theobserved changeswill beattributed to thecarbon tax alone,

as the tax accounts for between 30 to 100 percent of thechange in the implicit priceof carbon,

depending on the fuel. Accordingly, I will not distinguish between thecarbon tax and the2016

tax reform and treat them asequal.

1.2.2 TheColombian Case in the International Context

When comparing theColombian tax with othersworldwide, it is important to highlight two

elements. As previously stated, Colombia isoneof theÞrst middle-incomecountries to

implement a tax of this kind. Following the incomeclassiÞcation suggested by theWorld Bank,

only Ukraine (2011), Kazakhastan (2013), and Mexico (2014) had somecarbon pricing programs

beforeColombia (WB, 2017). Chinastarted aseriesof ETSschemepilots in selected cities in

2013, but nationwide implementation only begins in 2021. After 2017, only Argentina (2018) and

South Africa (2019) began implementing a tax, and Mexico started anew ETS pilot in 2020.

Second, of thecountries that began national implementation before2017, Colombiahas the

highest rate. Asshown in FigureA.1, the rateper ton of CO2 for Colombia isbetween 4 and 5

dollars, while the rates for Ukraine, Kazakhstan, and Mexico do not exceed 2 dollars. Ideally, this

could reßect larger and moresigniÞcant general equilibrium effects for theColombian case.
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Because theworld requires theparticipation of thedeveloping world in ClimateChange

mitigation strategies, theColombian experienceand resultsmight behelpful for the international

community. In particular, thedesign implemented in Colombiamight represent what wecould

expect from future implementationsof carbon pricing strategies in thedeveloping world. First,

introducing acarbon price likea tax would probably have lower administrativeand performance

costs than using an ETS. As discussed by Stavins (2022), between thepotential sourcesof

differencesbetween ETS and carbon taxesare (1) thepotential for corruption and (2)

administrative requirements. For theÞrst, there isan agreement that ETS requiressigniÞcant

regulatory oversight, which might becostly for adeveloping country. In contrast, theprimary

sourceof corruption under a tax will beevasion, which most of the timecould be faced by an

upstream tax design where the tax ischarged by thecarbon content of fossil fuels (like

ColombiaÕs). On theother side, although Stavins (2022) argues that theevidenceof current ETS

suggests that theactual administrativecost hasnot been assigniÞcant asexpected, wemight also

expect this cost to behigher in developing countries. Second, thestarting point of ColombiaÕs

carbon tax rates, aswell as itsexpected transition, seemsplausible for other developing

economies.

1.3 Empir ical Strategy

Our main objective is to identify theeffect of theColombian carbon tax on itsemission levels.

This implies, however, aseries of challenges. Our main objective is to identify theeffect of the

Colombian carbon tax on its levelsof emissions. But given that reliabledataon emission isonly

availableat thecountry level, wewill need an identiÞcation method at this same level of

aggregation. As such, weneed an estimator that could usedataon other countries to Þnd a

reliableestimateof thecorresponding counterfactual, taking into account that the introduction of

the tax isprobably not random, and is likely to beconfounded with unobservables.

Counterfactual estimators providean ideal setting for evaluationsunder theprevious

restriction. Theseareagroup of semi-parametric strategies inspired by the interpretation of the
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fundamental problem of causal inferenceas amissing information issue (Athey et al., 2021; Liu

et al., 2021). They have recently called theattention of theoretical and practitioner researchersas

they provideasetting to combineRubinÕspotential outcome framework with prediction

techniques and haveproved to provideconsistent estimationsof thecausal effect of abinary

treatment over a treated unit under reasonableand moreßexibleassumptions.

In particular, they used longitudinal data to predict thepotential outcomeof the treated units

in theabsenceof the treatment once the treatment had been implemented. Assuming theone

treatment unit case (N1 = 1), in terms of RubinÕspotential outcome framework, theseestimators

seek to predict thepotential outcome for the treated unit (i = 1) after the treatment is

implemented, i.e., öY1,t (0) for T0 + 1 " t " T, whereT0 is the last period before the

implementation, and T is the last period observed by the researcher. Thisprediction is then used

for estimating thecausal effect of the treatment for the treated unit at period t > T0 as the

differencebetween theobserved outcome(Y1,t ) and theestimator:

ö"t = Y1,t # öY1,t (0), (1.3)

subject to theobserved outcomebeequal to thepotential outcome in thepresenceof the treatment

(i.e., Y1,t = Y1,t (1)).

The traditional Difference-in-Differences (DiD) estimator can beseen asaspecial caseof a

counterfactual estimator. Note that, under thecaseof only onepost-treatment period (i.e.,

T = T0 + 1), theDiD estimator will begiven by ö"D i D = (Y1,T # øY0,T ) # ( øY1,T0 # øY0,T0 ). When

rearranging thisexpression, wehave that

ö" D i D
t = Y1,T # (( øY1,T0 # øY0,T0 ) + øY0,T )

= Y1,T # öY D i D
1,T (0). (1.4)

That is, theDiD estimator isalso acounterfactual estimator where theunobservablepotential

outcomeof the treated unit after treatment isestimated as öY D i D
1,T (0) = ( øY1,T0 # øY0,T0 ) + øY0,T .

Nevertheless, DiD isonly an unbiasestimateof theaverage treatment on the treated under the
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parallel trend assumption. In contrast, it hasbeen proven that counterfactual estimatescan provide

consistency even under time-varying unobservables. This would allow for the identiÞcation of

causal parameters even in caseswith selection under theseunobservables. Themain achievement

of thecounterfactual estimatorÕs literature is to call attention to how changing thecausal inference

framework to prediction will allow using aseriesof new estimators with better propertieson

out-of-sampleprediction and relying on fewer assumptions than thoseof existing methods.

Counterfactual estimators havegained popularity in quasi-experimental designs in multiple

Þelds, especially by using theSynthetic Control (SC) estimate, theoldest and most known of

theseestimators. This, in particular, hasbeen used before in theestimation of theeffect of carbon

pricing schemes, such as in Andersson (2019), Pretis (2019), and Anderson et al. (2022). In our

particular caseof interest, given that Colombia isoneof theÞrst developing countries to

implement acarbon pricing policy, wecan makeuseof thedata for other countries in thesame

incomecategory to estimate thedesired counterfactual.

Synthetic Control is themost popular of theseestimators, introduced Abadieand Gardeazabal

(2003) and later expanded by aseriesof papers (Abadieet al., 2010, 2015; Abadie, 2020). In the

caseof N1 = 1, the literaturehasquickly addressed aseriesof questionsabout its statistical

properties (Ferman and Pinto, 2021; Ferman, 2021), its correct speciÞcation (Ferman et al., 2020;

Abadieand Vives-i-Bastida, 2022; Abadie, 2020), its limitations (Ferman and Pinto, 2021), and

inferencestrategies (Firpo and Possebom, 2018; Chernozhukov et al., 2021; Cattaneo et al.,

2021). Nevertheless, this literaturehasalso proposed aseriesof alternativeestimators that are

expected to perform better than theoriginal SC, by providing even moreßexibleenvironments, at

thecost of extrapolation. Theconsensusseemsto be that theperformanceof all of thesestrategies

highly depends on theparticular context, depending on the relativesizeof thenumber of control

units (N0) and thenumber of pre-treatment years (i.e., T0) (Athey et al., 2021; Ferman, 2021), or

the relativesizeof the latent and thecomponentsof theerror (Ferman, 2021; Ben-Michael et al.,

2021). TheSC control, and in general all of thecounterfactual estimators, seek abalancebetween

good pre-treatment Þt (understood as theability of theprediction to replicatepre-treatment values
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of theoutcomevariable) and overÞtting (understood as thephenomenon of theprediction

replicating noise from thecontrol units instead of theunobservablecomponent).

Thispaper proposesestimates thecounterfactual for theColombian carbon tax with several of

thesenew estimators, using data from middle-incomecountries, asdeÞned by theWorld Bank6 ,

aspotential candidates for thedonor pool. As it isasetting that can easily havemoreunits in the

donor pool than periodsof observation, our estimationsareparticularly susceptible to overÞtting

(Abadie, 2020; Abadieand Vives-i-Bastida, 2022; Ben-Michael et al., 2021). I Þnd that wemust

rely upon more than oneestimator and in more than oneconÞguration of thedonor pool to get

reliableestimatesof thecarbon tax. These two strategiesare themain ways to confront

overÞtting. New estimatorsdo so by taking advantageof both the timeand thecross-sectional

variation. In contrast, by changing therelativesizeof thedonor pool we limit thepre-treatment Þt.

Seven estimatorsarebeing used, and thedonor pool ismodiÞed either by increasing the

pretreatment periodsor by trimming thedonor pool in multipleways. I discuss theability of each

of theseestimators to handlea thin donor pool conÞguration, and how thesechangeswhen

modifying thesizeof thedonor pool. Thisallows us to discuss thebest approach to handle

overÞtting. I Þnally select thecombination of estimator and donor pool conÞguration that

presents thebest performance in placebo tests.

The rest of this section isdivided into two. First, I giveabrief description of each of theseven

estimators. I am providing only abasic description of each strategy and pointing the readers to

other literaturewhere they can Þnd amore in-depth discussion for each of them. Assuch, a reader

can skip this section if desired. Second, I describe thedata.

1.3.1 Counterfactual Estimators

Since the introduction of theSynthetic Control Method by Abadieand Gardeazabal (2003),

therehasbeen asigniÞcant discussion about thepropertiesof their estimator, which hascome

along with aseriesof proposals for alternativeestimators. All of them follow moreor lessa

6 Countrieswith GrossNational Income(GNI) per capitabetween US$1, 036 and US$12, 535.

17



common targeted function of the form

Minw! R N 0 g(V
1
2

x .(Z1 # Z0 áw)) + #
"

D i ,. = !0

f (wi ),

s.t. $h(w) " $a. (1.5)

In this case, weare interested in aset of weights or parameters for each control unit wi so that we

can use them for aprediction of theoutcomevariable in theabsenceof the treatment. These

weightsare thevalues that minimizeagiven function g(á), subject to aseriesof restrictions. The

g(á) function usually corresponds to somekind of norm, penalizing thedifferencebetween

observed pre-treatment timeconstant variables for the treated unit Z1 and itsprediction. The

prediction, in this case, isaweighted combination of thesameset of variables for thecontrol

group (Z0). In thecaseof one treatment unit, Z1 and Z0 areaK $ 1 vector and aK $ N0 matrix,

respectively, whereK is thenumber of pre-treatment variablesused for adjusting theweights.

Following the literature, I usepre-treatment outcomevariablesas thevariables in Z1 and Z0, such

that K = T0.7

Becauseweare interested in using theweights for out-of-sampleprediction, thesemethods

rely on somekind of regularization, to prevent theover-adjustment of theestimates to thesample.

This is at theheart of thevarianceand bias tradeoff in theML literature, asweare incorporating

varianceby sacriÞcing unbiasedness, so theout-of-sampleerror is improved. This procedure

penalizesoverÞtting in two ways. Themost traditional way is through explicit restrictionson the

values that theweights (w) can take, represented by thevector of functions$h(á) in Equation 1.5.

For example, SC set restrictionson weights to bepositiveand sum to one, therefore restricting

extrapolation. Thesecond way issome implicit penalization on thestructure (valuesand

distribution), usually deÞned asanorm or combination of normsof theweights to thecontrol

units8 , mediated through apenalization parameter (or tuning parameter) #. Thispenalization

parameter is usually deÞned by cross-validation (CV), and the function f (á) takescommon forms
7 That is, each pre-treatment year asaÒtime-constant variableÓ
8 VariableDi ,t isadummy variabletaking thevalueof oneif theunit i is treated in period t, and thereforeDi ,. = !0

correspond to units in thedonor pool that werenever treated.
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used in theML literature, such asabsolutevalueor theEuclidean norm, among others.

Synthetic Control. Under theSC method, thepredicted counterfactual is aweighted linear

combination of thepost-treatment outcomesof thecontrol units. Therefore in thecaseof one

treated unit (with i = 1), wehave that

öY SC
1,t (0) = öwSC áY0,t

=
N"

i = 2

öwSC
i Yi ,t %t > T0. (1.6)

When using only pre-treatment values for selecting theweights, thesearedeÞned by the

optimization problem

M inw &(Z1 # Z0w)&2
2

s.t. wi ! 0
"

D i ,. = !0

wi = 1, (1.7)

whereeach period in Z1 and Z0 is given equal weights.

Onestrand of the literature is concerned about using covariates in vector/matrix Z1 and Z0

(Kaul et al., 2015; Botosaru and Ferman, 2019; Ferman et al., 2020). Themain recommendation

of this literature is to favor the inclusion of all thepre-treatment valuesof theoutcomemodel

such that theestimation problem reduces to theonestated in Equation 1.7. A second relevant

trend talksabout theequilibrium between pre-treatment Þt and overÞtting (Abadie, 2020; Abadie

and Vives-i-Bastida, 2022; Ben-Michael et al., 2021; Athey et al., 2021). In particular, the

literaturehashighlighted how caseswith N0 ! T0 areparticularly sensitive to overÞtting. In the

context of SC, Abadieand Vives-i-Bastida (2022) hasproposed to trim theDP, however, few

studieshaveactually applied it. In fact, someresearchersmight view thispracticewith

suspicious, as it might allow undesired researcher subjectivity. Thenewest literature instead has

offered alternativeestimators, and someof them havebeen shown to havebetter properties (Athey

et al., 2021) under amorediversecomposition of theDP.
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These recent estimatorshave, in general, sought to address restrictionsof theSC estimator.

First, thestatistical propertiesof theoriginal SC model highly depend on theability of themodel

to achieveagood pre-treatment Þt, but empirical evidencesuggests that this condition isusually

poorly satisÞed. Ferman and Pinto (2021) show that under poor pre-treatment Þt, theconsistency

of theestimator ismost certainly not achieved. Several strategieshavebeen proposed to improve

pretreatment Þt. This is thecase for exampleof thedemeaned estimator (Ferman and Pinto, 2021;

Doudchenko and Imbens, 2016), thevertical elastic net estimator (Doudchenko and Imbens,

2016; Athey et al., 2021), or theconstrained lasso (Chernozhukov et al., 2021), among others. A

second group of estimatorshas tried to takeadvantageof multipleestimators, usually intending to

takeadvantageof the timeseriesand thecross-sectional variation of theoutcomedata

simultaneously. This is thecase, for example, of thegeneralized synthetic control (Gobillon and

Magnac, 2016; Xu, 2017), thematrix completion estimator (Athey et al., 2021), theaugmented

synthetic control (Ben-Michael et al., 2021), or thesynthetic DiD (Arkhangelsky et al., 2021).

Demeaned Synthetic Control. Oneof theÞrst alternatives to theSC is thedemeaned SC (DSC).

Asan exampleof the literaturediscussed above, (Firpo and Possebom, 2018) and (Doudchenko

and Imbens, 2016) proposed thisestimator as an alternative for caseswherean improved

pre-treatment Þt might bebeneÞcial. Pretreatment Þt isa requirement for theconsistency of the

SC estimator (Abadieet al., 2010; Firpo and Possebom, 2018; Ben-Michael et al., 2021), so

improving it might improve theperformanceof theestimations, as long as it doesnot come

associated with asigniÞcant increase in overÞtting. In particular, they proposeacounterfactual

estimator of the form

öY D SC
1,t (0) = öwD SC

0 # öwD SC áY0,t

= öwD SC
0 +

N"

i = 2

öwD SC
i Yi ,t %t > T0. (1.8)

Theoptimization problem, in this case, is similar to Equation 1.7, although theprediction is

no longer Z0 áw, but wD SC
0 # wD SC áY0,t . Restrictionson sign and summing to onestill apply,
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although only for wD SC. It is commonly referred to as ademeaned estimator, as the inclusion of

theconstant in Equation 1.8 isequivalent to demeaning each unitÕspre-treatment outcome

variablesbeforeapplying SC.

Hor izontal and Ver tical Regressions. Thenotion of horizontal and vertical regressions was

introduced by Doudchenko and Imbens (2016) and Athey et al. (2021), and comes from

understanding and organizing outcomevariablesas amatrix. Each year in thepanel corresponds

to acolumn, whileeach row representsaunit. In this case

Y =

#

$
$
$
$
$
$
$
$
$
$
%

Y1,1 . . . Y1,T0 Y1,(T0+ 1) . . . Y1,T

Y2,1 . . . Y2,T0 Y2,(T0+ 1) . . . Y2,T

...
...

...
... . . .

...

YN ,1 . . . YN ,T0 YN ,(T0+ 1) . . . YN ,T

&

'
'
'
'
'
'
'
'
'
'
(

N " T

=

#

$
$
%
Z #

1 Y T1
1

#

Z #
0 Y T1

0
#

&

'
'
(

N " T

, (1.9)

with Y T1
1 and Y T1

0 being avector of T1 $ 1 and amatrix of T1 $ N0 holding theoutcomevariable

in thepostreatment period.

In this case, SC can beconsidered asavertical regression, whoseobjective is to reduce the

mean squareerror of the regression of Z1 and Z0, under speciÞc constraintson its coefÞcients (no

constant and coefÞcientssum to one), to makeout-of-samplepredictionsof Y T1
1 using Y T1

0 .

Doudchenko and Imbens (2016) highlight that theseconstraints, although at theheart of the

original SC estimator, limit theability of themodel to achievepre-treatment Þt. Although some

level of constraintsshould beassigned, Athey et al. (2021) highlight that regularizing the

parametersas in theML literature isoften better than imposing hard restrictions.

Doudchenko and Imbens (2016) proposed to regularize theseestimationswith an elastic net,

resulting in what wewill call theVertical Elastic Net (VEN) estimator. Assuch, they propose that

theprediction of thepotential outcomeshould begiven by
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öY V E N
1,t (0) = öwV E N

0 # öwV E N áY0,t , (1.10)

where

( öwV E N
0 , öwV E N ) = argmin

(wV E N
0 ,wV E N )

)
)
) Z1 # wV E N

0 # wV E N áZ0

)
)
)

2

2
+ #

* 1 # %
2

wV E N 2
2 + %

)
)
) wV E N

)
)
)

1

+

.

(1.11)

In contrast, thehorizontal regression proposal (Athey et al., 2021), takesadvantageof the

relation within rows instead of the relation within columns (asSC and VEN do). In this case, the

prediction for thepotential outcome for the treated unit, in absenceof theprogram, is not based

on thecontemporaneous values of theoutcomeof other unitsbut, instead, on thepre-treatment

valuesof theoutcomevalue. In this casewehave that

öY H E N
1,t (0) = öwH E N

0 # öwH E N áY1,T0

= öwH E N
0 +

T0"

t ! = 1

öwH E N
t! Y1,t ! %t > T0. (1.12)

Theproposal from Athey et al. (2021) is to estimate ( öwH E N
0 , öwH E N ) also through an elastic net,

such that theweight arederived baseon aproblem similar to Equation 1.11. There isno formal

discussion about thepropertiesof thisestimator, nevertheless, simulationson Athey et al. (2021)

tend to point out that theestimator might behavewell in scenarios with N0 > T0 (i.e., thin

matrices).

Matr ix Completion, Augmented Synthetic and Synthetic Difference-in-Difference. From the

discussion of theVEN and HEN estimators, it might bereasonable to think that somecombination

of thehorizontal and vertical perspectivescan havesomebeneÞtson theperformanceof the

estimated counterfactual. Recent estimators haveachieved this through avariety of strategies.

Threeof them arematrix completion, augmented SC, and synthetic difference-in-differences.

Thematrix completion (MC) approach isbased on theMachineLearning literatureon the

imputation of missing values (Athey et al., 2021). Here, weare interested in Þlling theblank

spacesof theN $ T potential outcomematrix Y(0) = { Yi ,t (0)} , where/when themissing values
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correspond to thevalueof theoutcomevariable for theunitsand periods of timeswere treatment

wasassigned. Under this strategy, weareno longer estimating aset of weightsbut instead

matrices. In particular, theprediction for thematrix of potential outcomes isgiven by

öY(0)M C = öL + iN
ö! #+ ö" i #

T , (1.13)

or

öY M C
1,t (0) = öL1,t + ö! t + ö" 1 %t > T0, (1.14)

where i k is ak $ 1 vector of ones. In this case, theprediction can beunderstood as thesum of

individual predictionsof the latent component (öLN " T ), the timeperiod Þxed effect ( ö! T " 1), and

theunitsÞxed effects (ö" N " 1). Thesematricesand vectorsareselected such that

,
öL, -" , ö!

.
= argmin

{ L ,! ," }

1
|O|

)
)
) P0(Y O # L # iN ! ## " i #

T )
)
)
)

2

F
+ &L&$ , (1.15)

whereO is theset of non-missing values in Y(0), Y O is thematrix of outcomesY after replacing

thecorresponding values for unitsand periodswhere treatment wasactive for missings,

P0(á) : RN " T ' RN " T isa function that returns thesame input matrix but replacing themissing

valuesby zero, &á&F is theFr¬obeniusnorm,9 and &á&$ is theNuclear norm.10 Athey and

colleagues (2021) show that they can bound thebiasof their estimator counterfactual, as Abadie

et al. (2010) bounded it for theSC. Thisbound converges to zero under reasonablescenarios,

including among others, that thenumber of units isgreater than thenumber of periods (i.e.,

N! T).

TheAugmented Synthetic Control Method (ASC) isan alternativeproposed by Ben-Michael

et al. (2021) that combines the resultsof SC with asecond estimator for theoutcomevariable. In

particular, this method proposed an estimator of theoutcomevariableof the form

9 Equivalent to theeuclidean norm of avector, such that ! A! F =
/ !

( i ,j ) a2
i ,j

10 For agiven matrix AN ! T , ! A! " =
! N

i = 1 " i (A) where" i (A) is the i-th singlevalueof matrix A, organized from
greater to smaller.
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öY ASC
1,t (0) =

N"

i = 2

öwSC
i Yi ,t +

0

öm1,T #
N"

i = 2

öwSC
i ömi ,T

1

, (1.16)

where ömi ,t is thesecond estimator for thepotential outcomeYi ,t (0) and öwSC is thesameSC

weightsdiscussed aboveand derived from Equation 1.7. The idea is to adjust thepredictions

coming from theSC estimator based on the imbalanceof theprediction of ömi ,t . Thisalternative

estimator can for exampleusepast information of theoutcomevariable, as in thehorizontal

regressionsdiscussed above. Ben-Michael and colleagues (2021) derived theparticular properties

of an estimator that uses ridge regression of posttreatment outcomeson pretreatment outcomes.

ThisRidgeASC (RASC) proposes that

ömi ,t = &r i dge
0 + &r i dge áYi ,T0 %t > T0, (1.17)

whereYi ,T0 isaT0 $ 1 of pretreatment outcomes for each unit i . Furthermore,

(ö&r i dge
0 , ö&r i dge) = argmin

(" 0," )

N"

i = 2

Yi # (&r i dge
0 + &r i dge áYi ,T0 ) + #r i dge

)
)
) &r i dge

)
)
)

2

2
. (1.18)

Two properties should behighlighted from theRASC estimator. Again, under theassumption

of a factor model DGP, thebiasof thepredictor isbounded, with its limit going to zero as T0

increases. Second, using aRidge regression for deriving thesecond estimator haveaseriesof

consequences in the interpretation. In particular, Ben-Michael et al. (2021) prove that theRASC

isapenalized version of theSC estimator. That is, theRASC prediction for thepotential outcome

can bewritten as

öY RASC
1,t (0) = öwRASC áY0,t , (1.19)

where

öwRASC = öwSC + (Z1 # öwSC áZ0)#(Z #
0Z0 + #r i dgeI T0 )%1Z #

0, (1.20)

In this case, theRASC weight still sums to one, but they areno longer required to bepositive.

Asdiscussed by Ben-Michael and colleagues, theRASC estimator allow improvements in the
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pre-treatment Þt, but, in this case, the trade-off between Þt and overÞtting ismediated through the

penalization component in the ridge regression (#r i dge).

TheÞnal estimator this paper considers is theSynthetic Difference in Difference (SDID)

proposed by Arkhangelsky et al. (2021). Thisstrategy combines theSC approach and theDiD

estimator. It can beunderstood asa three-stageprocess. First, unit weights ( öwSD I D
i ) that align the

pre-treatment trendsof control unitswith the trend of the treated unitsareestimated through a

constrained vertical regression. Second, timeweights (#SD I D
t ) that balancepre-treatment with

post-treatment periodsareestimated, following the intuition of thehorizontal regression.11

Finally, theseweightsareused in abasic Two Way Fixed Effect regression to estimate theaverage

causal effect of exposure (" SD I D ), which is estimated as

(ö" SD I D , öµ, ö%, ö' ) = argmin
(#S D I D ,µ,$ ,%)

N"

i = 1

T"

t= 1

(Yi ,t # µ # %i # ' t # Di ,t " )2 öwSD I D
i

ö#SD I D
t . (1.21)

Intuitively, theestimator worksby creating an averagecontrol that satisÞes theparallel trends

assumption required by theDiD estimator. So theunit weight no longer requiresaperfect match,

but just parallel trends. Timeweightsareallowing for improving theestimatorÕsprecision by

reducing the roleof timeperiods that signiÞcantly differ from theposttreatment period.

Introducing thisweight into theTWFE regression of theDiD allows for keeping its statistical

properties. Ashighlighted by Arkhangelsky et al. (2021), this isbasically making the regression

local by emphasizing units that areon averagesimilar to the treated unit given their past outcome

valuesand periods that arecloser to the targeted periods.

Note that Arkhangelsky et al. (2021) propose " SD I D as theaverage treatment effect. To make

it comparable to theother estimators, wedeÞne theestimateof öY SD I D
1,t (0) following the

equivalencediscussed in Equation 1.4 for the traditional DiD estimator. In this case:

öY SD I D
1,t (0) = öwSD I D áY T1

0 t + ö#SD I D á(Z1 # öwSD I D áZ0), (1.22)

11 A summaries explanation of the estimation strategy of the units and the time weights are left to appendix A.A.3.
In case the reader is interested in a more profound explanation, section IA of the Arkhangelsky et al. (2021) has the
main detailson thealgorithm and theestimator.

25



so that öwSD I D = [ öwSD I D
i ] is theN0 vector of unit weights, ö#SD I D = [ö#SD I D

t ] is theT0 vector of

timeweights, Y T1
0 t is the t row of theT1 $ N0 matrix of outcomevariables for thecontrol group

after the treatment, Z1 is theT0 vector of outcomevariables for the treated unit in the

pre-treatment periods, and Z0 is theT0 $ N0 matrix of theoutcomevariable in thepost-treatment

period. Note that under timesand individual weightsequal to 1/ T0 and 1/ N0, respectively, weare

back to the traditional DiD case.

In my analysis, I consider thesensitivity of my estimates to thesemethods.

1.3.2 Data

Based on theproposed strategy, thesepapersgather information on theper capitaemissionsof

CO2 for the105 countries currently identiÞed by theWorld Bank Indicatorsdatabaseas

middle-incomecountries. In particular, I organize this dataas abalanced annual panel, going

from 1990 to 2022. Older data, starting since1975, will also be included in thedatabaseso it can

beused for alternativeconÞgurations of thedonor pool.

After excluding Colombia, thepotential donor pool corresponds to the remaining 104

countries identiÞed in theWorld Bank data. Seven countries in this category wereexcluded from

thepool because they had acarbon pricing schemeeither before (Mexico, Ukraine, Kazakhstan,

Bulgaria) or after (China, Argentina, South Africa) theColombiaprogram started. Other

countrieshavebeen excluded becauseof missing values in themain predictor variablesor the

considered outcomevariables (i.e., emissions). TheseareTuvalu (Asia), American Samoa(South

PaciÞc Ocean ÐUSA unincorporated territory), Montenegro, Kosovo (Europe), and Micronesia

(Oceania). There isno signiÞcant pattern in thecasesomitted becauseof missing information, so

results should not beaffected. Furthermore, therearealso few reasons to think that they could be

weighted in theprediction for ColombiaÕsemissions.

Thedataon emissionsper capitacomes from theEuropean UnionÕsEmission Database for

Global Atmospheric Research (EDGAR) 2023 report (Joint Research Centreet al., 2023)

Emissionsaremeasured asmetric tonsof CO2 per capita, including theemissions from burning
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fossil fuels, industrial processes, and product use. Thedescriptivestatistics for the resulting

variableareshown in TableA.2. The table includes the information for thecountries remaining in

thedonor pool, and data isdesegregated between regionswith theColombian information in the

Þrst column. From this table, wecan seehow theemissions per capitachanged between the four

yearsbeforeand after implementing thecarbon tax in Colombia. Even more, wecan see that

reduction is not present in thedonor poolÕs averages, suggesting that theremight bea reduction

on emissionsafter the introduction of the tax. Figure1.2 showsus theper year averageof

emission by region in thedonor pool.

Figure1.2: Colombian EmissionsVs. Averaged Emissionsby Region in theDonor Pool

Notes: Averageannual emissionsby regionsin thedonor pool: EAS- East Asiaand PaciÞc, ECS- Europeand Central

Asia, LCN -Latin America and the Caribbean, MEA - Middle East and North Africa, SAS - South Asia, and SSF -

Sub-Saharan Africa. All correspond to the average of all countries in the donor pool. Source: Made by the author

based on data from EDGAR.

1.4 Results

Figure1.3 presents theestimated counterfactuals for Colombiaby using each of theproposed

estimators under aÞrst naiveestimation that uses the full donor pool. That is, all theseestimators
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usedata for emissions in middle-incomecountriesbetween 1990 and 2016 to predict ColombiaÕs

emission levelsbetween 2017 and 2022. Ninety-two (92) countriesare included in thedonor

pool, corresponding to thoseclassiÞed as upper or lower middle-incomecountries with

non-missing dataon emission values for theanalysis time frame. TheTable1.2 presents the

summary of these results, where theeffectsareshown in levels and asapercentageof 2016

Colombian per capitaemissions. In addition to theyear-by-year effect, theaverageeffect is

presented in the last column of the table.

Figure1.3: ColombiaVs. Counterfactual Colombiaunder Different Estimatorsusing
Middle-IncomeCountriesas theDonor Pool

Notes: TheÞgurepresents theestimated counterfactualsunder each of theestimatorswhen using middle-income

countriesas thedonor pool. Thevertical dashed linecorresponds to the last year before the introduction of the tax

(i.e., 2016). Thebold/bluesolid linecorresponds to theobserved Colombia. SC: Synthetic Control, DSC:

Demeaned SC, VEN: Vertical Elastic Net, HEN: Horizontal Elastic Net, MC: Matrix completion, RASC: Ridge

Augmented SC, SDID: Synthetic Difference in Differences.

Thereareacoupleof featureswecan highlight about theseestimations. First, all the

estimators consistently show anegativeeffect of the tax on carbon emissions. On theother side,

however, they havemagnitudedifferences. For example, theSC suggestsan average reduction of
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0.24 mTon of CO2 per capita, per year, through the four post-treatment yearsof analysis, which

corresponds to amean annual reduction of 13.9% with respect to ColombiaÕs2016 per capita

emissions. On theother side, theestimated averageÕeffect when using thehorizontal elastic net is

0.15 mTon per capitaper year, corresponding to 8.5% of ColombiaÕs2016 emissions.

Thevariability in theÞrst set of estimators motivates two questions: where this variability

comes from, and which of them should we trust. TheÞrst question isat theheart of theproposed

empirical strategy, as thevariability might come from thepropertiesof each of theestimators

when faced with overÞtting, induced by adonor pool that has moreunits than periods (usually

referred to in the literatureasa thin matrix). As it has been discussed in theprevious section, the

main challengewith counterfactual estimators isÞnding abalancebetween pre-treatment Þtness

and overÞtting. Aswehavediscussed, in cases wherewehavemoreunits than periodsof time,

such as thisone, the traditional method of SC isparticularly vulnerable to overÞtting.

Furthermore, all theestimators that aremainly improving ßexibility areparticularly sensitive to

thisphenomenon.

Which estimator is closer to thecounterfactual isamorecomplex question, as theproperties

of theseestimatorsarecase-dependent. The literaturebehind each method hasshown particular

properties for most of theseestimatorsso that, although they areconsistent estimators, they

requireparticular conditionsand might convergeat different rates. For example, theSC estimator

isasymptotically unbiased when increasing time, but such convergence isaffected by thedonor

pool sizeand pre-treatment Þt. Although theconvergenceof theSC can beachieved with an

increasing number of units too, it requiresperiods to increase faster (Ferman, 2021). On theother

hand, for example, MC convergesasN and T go to inÞnity, but its convergence isconstrained to

aminimum level of control units. Meanwhile, for SDID, Arkhangelsky et al. (2021) derive

consistency for theaverageeffect, but assumea lower bound for the ratio of pre-treatment periods

to control unitswhile increasing both. Each researcher might haveaseriesof preferencesor stick

to oneof theparticular estimators. A morepragmatic approach, used in this paper, is to choose

theestimator that best performs in prediction/placebo testsbefore the treatment. SpeciÞcally, I
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take theestimator that performsbetter in predicting six years before the tax, asweshould expect

theoverÞtted estimators to perform poorly in such placebo tests.

Which estimator is closer to thecounterfactual isamorecomplex question, as theproperties

of theseestimatorsarecase-dependent. The literaturebehind each method hasshown particular

properties for most of theseestimatorsso that, although they areconsistent estimators, they

requireparticular conditionsand might convergeat different rates. For example, theSC estimator

isasymptotically unbiased when increasing time, but such convergence isaffected by thedonor

pool sizeand pre-treatment Þt. Although theconvergenceof theSC can beachieved with an

increasing number of units too, it requiresperiods to increase faster (Ferman, 2021). On theother

hand, for example, MC convergesasN and T go to inÞnity, but its convergence isconstrained to

aminimum level of control units. Meanwhile, for SDID, Arkhangelsky et al. (2021) derive

consistency for theaverageeffect, but assumea lower bound for the ratio of pre-treatment periods

to control unitswhile increasing both. Each researcher might haveaseriesof preferencesor stick

to oneof theparticular estimators. A morepragmatic approach, used in this paper, is to choose

theestimator that best performs in prediction/placebo testsbefore the treatment. SpeciÞcally, I

take theestimator that performsbetter in predicting six years before the tax, asweshould expect

theoverÞtted estimators to perform poorly in such placebo tests.

Oneway to see if thevariability on Figure1.3 isa result of overÞtting, is to observe the

behavior of theestimatorsas thedonor pool and thenumber of periodsarechanged. In our case,

themain risk of overÞtting comes from having morecontrol units (N0) than pretreatment years

(T0). So an alternative is to evaluate thebehavior of theestimatorswhen the ratio between N0 and

T0 changes. In caseof overÞtting, weshould seeasigniÞcant moveof theestimators that are

susceptible to this issue. Asdiscussed before, the literaturesuggests that theSC will be

particularly sensitive, aswell asother estimatorsmainly designed to increase themodelÕs

ßexibility, such as theDSC, theVEN, or theRASC. On theother side, estimators that can perform

better in thin matrixes, such asHEN or MC, should be lesssensitive. Figure1.4 and Table1.3

present the resultsof exploring theconsequencesof increasing thenumber of yearsbefore the
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treatment. Figure1.4 presents theestimated counterfactuals for Colombia, whileTable1.3 reports

theaverageeffect asapercentageof 2016 per capitaemissions. The results show us how as T0

increases, thediscrepanciesbetween theestimators reduce for someof theyears but not for all of

them. Thissuggests that although someof thevariability comes from overÞtting, it isnot theonly

reason. On theother side, asexpected, theestimators that aremoresensitive to overÞtting (in this

case, becauseof the form of thematrix) have themost important changes. For example, theSC

estimator changes from an averageeffect of -13.9% (asapercentageof the2016 per capita

emissions) to -4.5%. In contrast, theHEN and theMC estimatorsareconsistent, suggesting in the

threenew speciÞcationsan averageeffect of between 8.4% and 9.5%.

A similar situation can beseen when wereduce thedonor pool size. Again weshould see that

sensitiveestimators change themost. However, contrary to thepreviouscase, non-sensitive

estimatorsmight change too, as for them, weare reducing the information used for theestimation.

Figure1.5 reduces thesizeof thedonor pool following thestrategy suggested by Abadieand

Vives-i-Bastida (2022) wherewe trim thecontrol group by ranking it based on theEuclidean

distanceof ColombiaÕspre-treatment per capitaemissionsbetween each of thecontrol

units/countries. Panel (a) presents thebenchmark resultspresented above (Figure1.3), while

panels (b) through (d) successively reduce thecontrol group by ten units. I summarize the

changesof theestimators in Table1.4, where thepredicted averageeffect (asapercentage) is

compared between speciÞcations. Again, wesee that thedifferencebetween sensitiveestimators

changes themost. For example, SC changes from 13.9% to 6%, or RASC from 13% to 7.6%.

Still, in contrast to thepreviousexercise, weseehow noneof theother estimatorsareany longer

consistent, as thoseestimators that wereexpected to perform better in thin matrices, such asMC

or HEN, arestarting to changemoreaswe trim.12

An alternativestrategy to reduce thedonor pool size iscloser to theearly SC literatureof

thematically limiting thegroup of comparison. So, for example, Andersson (2019) limits theset

of countries to those in theOECD organization when evaluating theeffect of thecarbon tax in

12 Note that the rangeof theaverageATT in thisestimators isnow bigger than the rangeof these in Table1.3
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Table1.3: Estimator for thePost-Treatment AverageEffect when Increasing theStarting Year of
thePre-Treatment Data (Changes in EmissionsasaPercentageof 2016 per CapitaEmissions)

Estimators From 1990 From 1985 From 1980 From 1975
Synthetic Control -13.9 -9.5 -7.8 -4.5
Demeaned SC -10.5 -7.9 -5.2 -2.3
Vertical EN -8.7 -12.9 -12.8 -8.9
Horizontal EN -8.5 -8.5 -9.3 -9.5
Matrix completion -9.3 -9.5 -8.7 -8.4
RidgeAugmented SC -13.0 -8.7 -3.1
Synthetic DID -8.2 -7.6 -7.0 -6.9

Notes: Table presents how the estimate of the post-treatment average treatment effect, under each counterfactual

estimator, changes when increasing the number of pre-treatment years. Blank spaces correspond to estimations

wheretheoptimization algorithm did not reach asolution. Effectsaremeasured asapercentageof ColombiaÕs2016

per capitaemissions. SC: Synthetic Control, EN: Elastic net, DID: Difference in Differences.

Table1.4: Change in estimatorswhen trimming control units (emissions changeasapercentage
of 2016 per capitaemissions)

Estimators Full DP Minus10 Minus20 Minus30
Synthetic Control -13.9 -13.9 -7.0 -6.0
Demeaned SC -10.5 -9.9 -6.9 -6.3
Vertical EN -8.7 -11.8 -11.0 -11.9
Horizontal EN -8.5 -9.0 -8.3 -6.2
Matrix completion -9.3 -8.7 -7.8 -7.9
RidgeAugmented SC -13.0 -12.7 -7.9 -7.6
Synthetic DID -8.2 -8.7 -9.3 -8.9

Notes: Table presents the estimates for the average post-treatment effect after trimming the donor pool based on

the Euclidean distance between the outcome variable in the control unit and Colombia data. Columns three to Þve

present theeffect of excluding 10, 20, and 30 countrieswith thehighest distances, respectively. Effectsaremeasured

asthepercentageof ColombiaÕs2016 per capitaemissions. SC: Synthetic Control, EN: Elastic net, DID: Difference

in Differences.

Sweden. Anderson et al. (2022) limits thedonor pool to EU countrieswhen estimating the impact

of Australiaabandoning their possible linkage to theEU-ETS. For theColombian case, I can

restrict thegroup of comparison to theupper middle-incomecountries (instead of upper and

lower middle-incomeas in previousestimations) and other LAC countries. The resultsof these

estimations areshown in Figure1.6. Using theupper-middle-incomegroup (UMIC) does not

havesigniÞcant differenceswith thenaiveestimation discussed above (Figure1.3). On theother
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Figure1.6: Counterfactual estimatorswhen limiting donor pool by thematic groups

Notes: The Þgure presents the estimated counterfactuals under each of the estimators and under different speciÞca-

tionsof thedonor pool. Panel (a) presentstheresultsof using upper-middle-incomecountries. Panel (b) presentsthe

resultswhen using Latin American countries (LAC). Thevertical dashed linecorresponds to the last year before the

introduction of the tax (i.e., 2016). The bold/blue solid line corresponds to the observed Colombia. SC: Synthetic

Control, DSC: Demeaned SC, VEN: Vertical Elastic Net, HEN: Horizontal Elastic Net, MC: Matrix completion,

RASC: RidgeAugmented SC, SDID: Synthetic Difference in Differences, LAC: Latin Americaand theCaribbean,

MIC: Middle-incomecountries.

side, the results for LAC areuseful to see the risk of trimming as thepre-treatment adjustment is

signiÞcantly affected as a result of thesigniÞcant heterogeneity of thegroup.

Up to now, wehaveseen that there isasigniÞcant amount of variability in our estimates. By

systematically changing thesizeand composition of thedonor pool to make thedatamatrix wider

(i.e., by increasing period or trimming control units), so that overÞtting risksare reduced, we

wereable to seesomedifferencesbetween estimators. For example, wesee that MC and HEN

estimations aremorestable, as they arestronger when facing thin matrices. Wealso see that

estimators seeking to improvepre-treatment but still relying only on variation between countries

(such asSC, DSC or VEN), show higher variation in their averageestimateswhen wemodify the
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DP. Nevertheless, changing the form of theDP to add moreyears, which is theonly way we

should expect to improveall estimations, doesnot seem to reduce thevariability in our results,

suggesting that differencesmight not comeonly from overÞtting issues.

Westill need to deÞneastrategy to select which estimationsweshould trust themost. Wewill

choose themodel that behavesbetter in predicting placebo treatments, under similar conditions to

those that thecounterfactual estimators faced. SpeciÞcally, wewill choose themodel that

performs thebest when predicting aplacebo treatment from 2011 up to 2016, so that weare

predicting for thesameamount of periods.

In addition to testing theseven proposed estimators, wealso consider their performanceunder

four different speciÞcationsof thedonor pool. ThebasespeciÞcation uses an equivalent set of

information to theoneused by thenaiveestimator in Figure1.3, using information from 1984 to

2010 to predict. A second conÞguration uses thedatawith moreyears, as thoseused in

Figure1.4, using datasince1975 in theestimation. The third and fourth conÞguration explores

theeffect of trimming. As in Figure1.5, we trim thegroup of middle-incomecountries, excluding

thirty countrieswith emissions further from Colombia. Finally, for the fourth conÞguration, we

trim thedonor pool by leaving only theset of upper-middle-incomecountries in thedonor pool.

The results for theplacebo testsof each of theseven estimatorsunder the four conÞgurations

of thedonor pool areshown in Figure1.7. Meanwhile, Table1.5 presents the root mean square

error (RMSE) of theprediction of each estimator for theplacebo test/period. Thereareacouple

of elementswecan highlight from it. First, under all theconÞgurationsof thedonor pool,

trimming seems themost reliablestrategy as it has thebest forecasts. In particular, theuseof the

upper middle-incomecountries (MIC) provides, in average, the lowest RMSE for theplacebo test,

while thebest estimator in terms of RMSE iswhen using the trimming based on pre-treatment

differences. Second, the results seem consistent with thepropertiesof each of theestimators. For

example, weseehow MC is theestimator with the lowest averageRMSE, a reßection of its

robustness to different speciÞcationsof thedonor pool. In contrast, SC and DSC haveabetter

performanceas thenumber of control units is reduced.
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Table1.5: RMSE for prediction of outcomevariable for2011-2016

SC DSC VEN HEN MC RASC SDID Average
Full DP 0.0975 0.0421 0.3113 0.1842 0.0626 0.1176 0.1633 0.1398
From 1975 0.0911 0.1002 0.2895 0.1519 0.0664 0.1003 0.1605 0.1371
Trim 30 countries 0.0420 0.1419 0.3023 0.0649 0.0662 0.0393 0.1811 0.1197
Upper MIC 0.0744 0.1149 0.2395 0.1090 0.0554 0.0932 0.0778 0.1092
Average 0.0763 0.0998 0.2857 0.1275 0.0626 0.0876 0.1457

Notes: Tablepresents the root mean squareerrors (RMSE) of each combination of donor pool and estimator for the

placebo test. TheÞnal column and theÞnal row present theaverageper row and column, respectively. SC: Synthetic

Control, DSC: Demeaned SC, VEN: Vertical Elastic Net, HEN: Horizontal Elastic Net, MC: Matrix completion,

RASC: RidgeAugmented SC, SDID: Synthetic Difference in Differences.

Given this, Table1.6 presents thedetailed results of threeof theestimatorswith thebest

results in theplacebo test described above. TheÞrst two groupsof rows, present the results for the

RASC and theSC estimators using theMIC donor pool after extracting the30 countries farther

from ColombiaÕspre-treatment emissions (i.e., the trim 30 DP from Figure1.5), which are the

combinationswith the lowest RMSE according to the resultspresented in Table1.5. The third

group of rowspresents the results for MC using theUMIC donor pool, which is thecombination

of theestimator and thedonor pool conÞguration with the lowest averageRMSPE. For each

estimation, Table1.6 presents (1) theestimator in levels, and (2) thepercentageof 2016 per capita

emissions. The remaining rows for each estimator present thep-valuesof thepermutation tests.

The threeestimatorssuggest an annual average reduction of theemission per capita, varying

from 6 to 8 percent. Note that these results arecloser to theestimates from theMC and HEN

estimators on Figure1.3. Nevertheless, thedynamics implied by each estimator aredifferent. The

behavior for the last threeyears is similar, showing asharp decrease for 2020 and agradual

increase for 2021 and 2022. In contrast, for theÞrst threeyears, RASC and SC suggest lower

effects than thosesuggested by theMC estimator.

Nevertheless, theevidence for theseeffects to bestatistically signiÞcant isweak. The last

three rows for each estimator of theannual dynamic effect in Table1.6, present thep-valuesby

permutation. Under thisapproach, thecorresponding estimator is calculated for each unit in the

donor pool, assuming that it hasbeen treated. ThesigniÞcanceof thecalculated effect isachieved
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if theestimated effect for the treated unit, in this caseColombia, ishigher than theestimated

effect for theunits in thecontrol group. Becausewhen ÒpermutingÓthe treatment, theeffect

calculated can behigher just becauseof poor Þt, these testsÞlter theunits to which to compare

the treatedÕseffect by deÞning aminimum level of pre-treatment Þt for thecomparison unit asa

multipleof itsobserved pre-treatment RMSE. So for thesameestimator and year, wecan

calculatedifferent p-Values (p # Valuex), wherecomparison control unitshaveapre-treatment

RMSE no more than x times theRMSE for the treated unit. In this sense, thep-Valueof an effect

for agiven period t is calculated as

p # Valuex t =
!

i ! Nx
1(ö"1,t < ö"i t )
|Nx |

, (1.23)

whereNx is thesubset of thedonor pool of thoseunits for which thepre-treatment RMSE isat

much x times thepre-treatment RMSE of the treated unit, ö"1,t is theestimated effect for the

treated unit, and ö"i t is theestimated effect of aunit (i ) in thedonor pool when assuming it has

been treated instead. Table1.6 presents thecalculated p-Value for x ( { 5, 10, 15} , for each

post-treatment period. For theaverageeffect, reported in the last column, the tablepresents

instead thep-Valueof the r-statistics suggested by Abadieet al. (2010) and Abadieet al. (2015),

Þnding similar results. Wecan see that all p-values areover 10%, so our resultsarenot

statistically signiÞcant.

1.5 Discussion

Up to now, wehaveseen that our preferred counterfactual estimatorssuggest anegativeeffect

of the tax on thecountryÕsper capitaCO2 emissions, with magnitudesbetween six and eight

percent of thepre-tax emission level. However, the randomization test and thep-valuesby

permutation suggest no statistical signiÞcance. Therefore, at thispoint, wehave two alternatives.

Either theprogram hasno effect, or theproposed design lacks thepower to identify it. This

section goes through other analyses that could provide insight into which caseweare facing.
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Thissection discusses threeparticular topics. First, I takeadvantageof regional exemptions in

the tax asan alternative identiÞcation strategy and explore theeffectsof the tax on thedemanded

quantities of selected fuels. Here, weseek evidence that the tax ratecan reduce fuel consumption.

Second, I use the resultsof Gomez-Mahecha (2023b) to explore thepossibleconsequencesof the

coal exemption in theprogramÕs effects and on the interpretation of the resultsdiscussed above.

Finally, weexplore theargument around thepossible lack of power of theanalysis.

1.5.1 TheEffect of theTax on Fuel Quantities

I consider an alternative identiÞcation strategy for theeffectsof the tax on theconsumption of

selected fuels, by taking advantageof regional exemptions introduced in 2020. In this case, we

will havedataat themunicipality level instead of countries. A municipality will beassigned to

the treatment group if it isexempted in 2020, and wecan use the remaining regions to build a

reasonablecounterfactual. Note that under ideal conditions, wewould like to exploit this same

strategy to capture theeffect on emissions and, like that, validate the results of thecounterfactual

estimator discussed above. However, asstated before, wedo not havedataon local emissions

within Colombia. Thisanalysis instead would allow us to see if achange in the rate, in just the

amount of thecarbon tax, iseffectively translating into changes in theconsumption of those fuels

taxed. Finding signiÞcant positiveeffects will suggest that the rate ishigh enough to induce

behavioral changes.

I useadministrative reports on quantitiesconsumed of the liquid fuels in thecarbon tax base

(i.e., diesel (ACPM), gasoline, fuel oil, jet fuel, and kerosene) to determine thecausal effect of the

exemption.13 Thedatacomes from the Information System of theFuel Distribution Chain

(SICOM) of ColombiaÕsDepartment of Energy (Ministerio deMinasy Energ«õaÐ

MINENERGIA), which collectsmonthly information on salesmadeby wholesalers to retailersat

themunicipality level.14 Municipal GDP for 2009 and thedistanceof themunicipality to the

13 Up to the best of our knowledge there are no reports for gaseous and solid fuels. That is why we cannot build a
comprehensiveemissionsmeasurewith thisdata

14 Colombia isdivided into 32 departments, each of them divided by anon-equal number of municipalities. Munic-
ipalities and departments are in some way equivalent to counties and states in the US system, respectively. Data from
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departmentÕs capital are taken from theCEDEÕsMunicipal Panel (Panel Municipal del CEDE)

and used as covariates in our estimations.

Theexemption weareusing for identiÞcation was introduced in late2019, with theenactment

of that yearÕs tax reform (Law 2010/2019 (Congreso deColombia, 2019)). In particular, the

reform expands the list of geographic areasexempted from the tax by setting thecarbon tax rate

to zero for fuel purchased in these regions. By themoment of the tax introduction, three

departments in theColombian southeast (Amazonas, Guain«õa, and Vaupes) wereexempted. These

are in theColombian Amazon region, characterized by limited transportation and economic

activity. For example, theSICOM dataonly reportseight municipalities in these three regions, a

fourth of the total number of municipalities in thesedepartments. Law 2010 expanded the list to

include threeother departments (Caquet«a, Guaviare, and Vichada) and selected municipalities of

a fourth one (Choc«o).

As wewill seebelow, thedatasuggests that thesemunicipalitieshavea lower consumption

for almost all the fuels reported. However, in all relevant fuels, theconsumption evolved similarly

to theaverageof the rest of thecountry before theexemption was introduced. Wewould be taking

thisassuggestiveevidence that after 2020, theconsumption would havekept thisparallel trend if

theexemption had not been introduced.15 Therefore, wecan useadifferences-in-differences

(DiD) kind estimator to get reliablemeasurementsof theaveragecausal effect of exemption on

theexempted municipalities.

Using theSICOM data, I build apanel databaseat themunicipality-quarter level. I exclude

from thedataset thosemunicipalitiesexempted since2017, resulting in apanel of 987

municipalities with 31 exempted from thecarbon tax since2020q1. Basic descriptivestatisticsof

theÞnal databasearepresented in TableA.3, whileFigureA.3 presents theaverageconsumption

of each of the fuels reported for exempted and non-exempted municipalities through time.16

SICOM wasshared by MINENERGIA through theRight of Petition No. No. 1-2022-006601
15 We will see that the most signiÞcant exemption is the consumption of Fuel Oil. Nevertheless, we will see that it

correspondsonly to aminor amount of energy in theexempted regions.
16 Although Keroseneisreported in theSICOM data, thedatadoesnot report consumption in theexempted regions.

Therefore, wewill not include it in our analyses
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Therearesome featureswecan highlight from thedata. Thesharp decrease in fuel consumption

in 2020 can beattributed to theCOVID pandemic, lasting for at least theÞrst threequartersof the

year. Second, wecan see that fuel consumption evolved similarly in exempted and non-exempted

municipalities up to the introduction of theexemption, in all fuel but in Fuel Oil. Wewill see

below, on theestimations, that there isalso statistical evidence that supports this.

Not all fossil fuelsareexpected to have thesame level of importance in each of the

municipalities. Someof thesearemore important as they aremoreneeded than others, which will

depend on how much they areused and what the fuelsareused for. However, onegallon of

gasolinedoes not have thesameuseasagallon of jet-fuel. Weneed to measure them in a

common unit to compare them. To do so, weusedata from theEPAÕsEmission Factor hub (EPA,

2015) to transform thephysical unitsof each fuel into its corresponding heating energy

equivalent, measured in millionsof British Thermal Units (mmBTU). TableA.4 reports themean

and standard deviationsof thepercentageof theenergy that comes from each of the fuelsat the

municipality level. Wecan see that regular gasolineand diesel are themost important fuels, with

an averageparticipation of 61.1 and 37.9 percent, respectively, of the total energy from liquid

fossil fuels (based on theSICOM reports).

Table1.7 and Figure1.8 present the resultsof theDiD estimator for multipleperiods, as

introduced by Callaway and SantÕAnna (2021). TheCallaway and SantÕAnnaestimator relies on

asofter version of theparallel trendÕsassumption, it isable to estimatedynamic average treatment

on the treated (ATT). I cluster thestandard errorsat themunicipal level and useadoubly-robust

estimator, with the2009 municipal GDPand thedistance to thedepartmentÕs capital as time

constant covariates (SantÕAnnaand Zhao, 2020).17

Table1.7 presents theATT effect for thepost-treatment periods (2020q1-2021q4). WeÞnd

positiveestimates for almost all fuels, including thosewith higher importance in theenergy

supply (regular gasand diesel). However, weagain do not havestatistical signiÞcance. Figure1.8

17 Note that covariates are particularly important in this speciÞcation as the post-treatment period covered the
COVID-19 pandemic. It is necessary to use covariates so that the comparison relies more on similar municipali-
ties in terms of size and economy, so that it would be reasonable to think that they will have similar affectations and
recuperation paths.
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presents theevent study graph with theestimations for thedynamic ATTs. For each period, the

graphspresent thecorresponding estimate, the95% conÞdence interval without correction for

multiple testing (blue/left), and the interval using thecorrected standard errors (gray/right). The

blocks in gray present thepost-treatment average for theATT and its corresponding standard

error, which are thesamereported in Table1.7. Wesee that theestimator is closer to zero through

thepretreatment for all fuels except for fuel oil, suggesting that theconditional parallel trend

assumptionsaresatisÞed for them. Given this, jointly with thecovariatesand thedoubly robust

estimation, it is reasonable to think that theparallel trend assumption can beextended to the

post-treatment period and that our estimations should capture the intended causal parameters.

Wecan interpret these resultsasevidence that the tax ratedoesnot generatesigniÞcant

changes in consumed quantities, and therefore they arenot captured by our estimations.

Table1.7: Callaway and SantÕAnnaDID Doubly-Robust Estimator for thePost-Treatment
Average

(1) (2) (3) (4) (5) (6)
Diesel Avgas Fuel Oil Gas (reg) Gas (sup) Jet Fuel

AverageATT 18,987.9 -1,574.9 1,961.9 13,646.9 290.6 7,360.6
(25,237.4) (1,894.2) (2,256.7) (24,045) (316) (10,416.4)

Notes: The table presents the doubly robust estimate for the post-treatment average effect of the introduction of

the regional exemption. Standard errors are clustered at the municipality level and reported in parenthesis. The

estimations include municipal GDP for 2009 and distance to the departmentÕs capital as covariates. reg: Regular,

sup: Supreme. *** p < 0.01; ** p < 0.05; * p < 0.1.

1.5.2 TheCoal Exemption

In addition to thecarbon tax rate, there isaparticularity in thedesign of theColombian

carbon tax that has called theattention of different stakeholders becauseof its possible risks for

theenergy transition and theemission reductionssought with the tax. Since the introduction of

the tax, and up to 2024, coal hasbeen excluded from thecarbon taxÕsbase. Thiscontroversial and

poorly explained decision could havecreated adverse incentives for agents. If theprices of the

other fuels increasebecauseof the tax, thepolicy createsan implicit subsidy for agents to
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transition to other non-charged fuels. If at least some industrieshave low-cost opportunities to

transition from cover fuels to coal, emissions from coal consumption could increase, and thenet

effect on emissions will beunderdetermined.

Gomez-Mahecha (2023b) studies the implicit costsbehind theexemption of coal for the

Colombian carbon tax through acomputablegeneral equilibrium model (CGE). Thecountry is

modeled asan open and multi-sectoral economy, and it is calibrated to ColombiaÕsdatabefore the

introduction of the tax. Multiplescenariosof tax ratesaresimulated, and three indicators areused

to measure the inefÞcienciescreated by theexemption. Oneof them is particularly relevant for

thispaper as it captures theamount of emissions that werenot reduced becauseof the

introduction of theexemption.

Its results suggest that thecoal exemption reduces theeffect of the tax on emissionscoming

from burning fossil fuels. In particular, themodel estimates that theeffect of the tax in theshort

term would havebeen 7.19% without theexemption and 5.18% with theexemption. That is, the

exclusion of coal from the tax base reduces theeffect of the tax by more than aquarter, possibly

contributing to why wedo not seestatistically signiÞcant results.

Literatureon ex-post evaluations of carbon taxes has consistently pointed out theexemptions

asasigniÞcant limitation for both thedesign and the interpretation of theempirical results. To the

best of my knowledge, Lin and Li (2011) are theÞrst to consider that exemption might be

responsible for ex-post evaluations not being able to Þnd signiÞcant effects. Andersson (2019)

and Pretis (2019) havestated how theseexemptions have limited theevaluations to certain

variablesor certain empirical cases. As stated by Timilsina (2022), understanding thecosts of

theseexemptions, including their costs in terms of emissions, isof great importance.

Because theexemptionsarehighly mediated through general equilibrium effects, it will be

very difÞcult to capture theeffectsof thisexemption through aquasi-experimental ex-post

analysis. For example, wemight be tempted to think that theeffect of theexemption should be

reßected in an increase in theconsumption of coal, and, therefore, in its emissions. Nevertheless,

this isnot necessarily thecase, as the introduction of the tax can push down theconsumption of
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all fuels, even coal, as production isdecelerating. That is, in fact, what we found when using the

model in Gomez-Mahecha (2023b). TableA.5 compares theeffect of different tax rates (asa

proportion ( of theoriginal tax rate) on the total emissions from burning fossil fuelsand

emissionscoming from coal, with and without thecoal exemption. Theestimationssuggest that

the reduction in emissionsof 4.46% under thecoal exemption is also coming from areduction in

theemissions from coal by 0.08%.Therefore, aquasi-experimental design will beunable to

distinguish ascenario with or without theexemption, as thedifferencebetween them might come

only from themagnitudeof theeffect and not from thesign.

1.5.3 Power

Up to thispoint, wehavediscussed evidence that suggests that theeffect on emission issmall,

either because (1) the rate is low and there isnot strong statistical evidence that it can reduce the

quantities of fuelsconsumed, or because (2) thereareelements in theColombian design that

might bepushing down theeffect of the tax on emissions. However, both empirical evaluations

(i.e., Þrst using emissionsand counterfactual estimators, and second, using regional exemptions

and aDiD design) might besusceptible to lack of power.

Thereareaseriesof features in our design that can point towards the idea that the lack of

statistical signiÞcancecomes from aproblem with statistical power. For example, although our

estimators arenot statistically signiÞcant, they areconsistently showing theexpected sign. This is

thecase in both empirical analyses. Second, therearealso clear warningsof power limitations. In

thecaseof thecounterfactual design, there isasigniÞcantly high variability in thedata, for

Colombiaand other countries. In thecaseof the regional exemption, thedisparities in thesizeof

the treatment group make them prompt higher variance. Finally, thepoint estimatesseem to be

congruent with theestimatesof Gomez-Mahecha (2023b) on theeffect of the tax on emissions,

suggesting that theproblem might come from thevariability in our data, and not from thepoint

estimate.

Power calculationsare, for now, outsideof thescopeof thispaper. As thecounterfactual
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estimators rely on cross-valuation and randomization tests, thesimulations required are

computationally expensive. Evaluating thepower sizeof theproposed design is left for now for

futurework.

1.6 Conclusions

Getting proper estimatesof theeffects of carbon pricing schemes in developing countries

should beapriority in theeconomic literature. In aworld in desperateneed of stronger measures

against climatechange, or funding mechanisms to Þnance its cost, moreand moredeveloping

countriesare looking at thesemarket-based strategies. Nevertheless, theevidencehasbeen

strongly concentrated in developed countries, under tax scenariosand designs that areneither

reliablenor credible for them.

Thispaper uses theColombian case to start Þlling thegap. In particular, I explore the

consequencesof the tax on emissions. Taking advantage that Colombia isoneof theÞrst

developing countries in theworld to implement acarbon tax so that wecan useother countries

with similar economic sizeasacomparison group, webuilt acounterfactual of theColombian

emissions from 2017 to 2022. This estimation isprone to overÞtting, aproblem we faced by

making useof multipleestimatorsand multipledeÞnitions for thedonor pool. Our resultsÞnd, at

best, limited evidenceof anegativeeffect of the tax. Although our preferred estimationssuggest

an annual averageeffect between 6 and 8 percent, theestimationsarenot statistically signiÞcant.

I Þnd similar resultsunder an alternative identiÞcation strategy. Taking advantageof regional

exemptionsweexplore theeffect of the tax, in this case, however, on quantitiesof someof the

fuelscovered by the tax. Using aDiD design, I estimate theeffect of themunicipality being

exempted. Oneof thebeneÞtsof thisdesign is that in contrast to theestimations for the

introduction of the tax in 2017, thevariance in thecaseof theexemption is just in theamount of

the tax, and thereforegives us more information about theability of the tax rate to createchanges

on thedemanded quantities. WeÞnd evidence that theconsumption of at least themost important

fuels ispositively affected by the introduction of theexemption, but again weÞnd no statistical
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signiÞcance.

In addition to the rate, thereareother elementsof thedesign of thecarbon tax that might have

contributed to not Þnding signiÞcant effects. Gomez-Mahecha (2023b) suggests that at the initial

rateof the tax, theexemption on coal is responsible for reducing theeffect on emissionsby

around 25%. Furthermore, thiseffect would not havebeen able to beseen through a traditional

quasi-experimental design, as theconsequencesof theexemption are fully mediated through

general equilibrium effects. Nevertheless, there iscertainly morespace for research. In particular,

thepower of thedesign might havebeen acontributing factor to not Þnding statistical signiÞcance

when using thecounterfactual estimations. When wedescribe the tax above, weshow that the

introduction of the tax has, in fact, increased by more than 25% theeffectivevalueof the ton of

CO2. This isalso consistent with thebiggest dynamic effects concentrated in theÞrst yearsof the

tax. It might also not beacoincidence that all our point estimatesconsistently show an effect of

the tax. Although an analysisof power is for now out of thescopeof thispaper, it is still plausible

that theminimum detectableeffect of thedesign is just over the real effect of the tax.

The identiÞcation strategy that weproposed isaround thediscussion on the limitationsof the

counterfactual estimators in scenarioswith ahigh risk of overÞtting. Thecosts of overÞtting are

signiÞcant. Wekeep thestandard approach in the literatureand use theplacebo tests to evaluate

theperformanceof our estimators and choose thebest speciÞcation. Wealso coincidewith

previous literatureon evaluating multiplespeciÞcations for thedonor pool. However, weargue

that considering multiplecounterfactual estimators, instead of only acouple, is fundamental when

overÞtting is asigniÞcant risk. New estimatorshavedifferent propertieswhen facing different

donor pool sizes. Nevertheless, they arenot amagic bullet, and researchersshould beactively

evaluating speciÞcationscombining different approaches to alleviate theoverÞtting issue.

For now, the results suggest that to reduceemissions, countriesshould increase thestrength of

the taxes, either by higher rates or by eliminating theexemptions. ColombiaÕsgovernment has

already moved in that direction. The last reform to thepolicy in 2022 began to phaseout thecoal

exemption and to increase the tax rateupper limit (Congreso deColombia, 2022). Based on this,

50



developing countriesshould consider transitional policieswith clear rules for increasing rates and

coverage. They will probably havea tool that hasmodest reductions in emissionsbut that, in

contrast, can allow them to get additional resources for Þnancing climatechangepolicy and still

provideclear signals to themarkets that changes in the technology arerequired for thenear future.

Colombiahas increased thestrength of thepolicy, but how fast thesechangesarehappening is

another high-priority discussion. There isalso amissing discussion on what thegovernment has

been doing with these resources, and if, in fact, they havebeen addressed not only to protect the

natural stock of thecountry but also to prepare itspopulation for climatechange. More interest in

these topics from theacademy and thegovernment will help strengthen theColombian carbon tax

and its relevance to thedeveloping world.
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Chapter I I . TheCost of Excluding Coal from a Carbon Tax: TheColombian Case

2.1 Introduction

Colombiawas part of theworldwidewaveof carbon pricing programs in theearly and

mid-2010s. It is the fourth economy of theLatin American region, with aPIB of US$1.02 trillion,

apopulation of 51 million, and 0.34% of global emissionsof Green HouseGases. Nevertheless,

in early 2017, theColombian government started the implementation of the tax, seeking to

achieveColombiaÕsCO2 reduction goalsand to fund itsenvironmental policy. Thus, it isa rare

opportunity for understanding and documenting theeffects of carbon pricing programs in a

developing context.

Onepeculiarity of theColombian design, which rapidly caught theattention of researchers

and policy-makers, was theexclusion of coal from the tax base, an exemption that will remain

until 2025. Thiscontroversial and poorly explained decision could havecreated adverse

incentives. If thepricesof theother fuels increasebecauseof the tax, thepolicy creates an

implicit subsidy for agents to transition to coal, oneof thedirtiest fossil fuels.1

Understanding theconsequencesof theexemption on theeffectivenessof the tax isessential

for properly interpreting any ex-post analysis of thepolicy. Gomez-Mahecha (2023a) studies the

consequencesof ColombiaÕs carbon tax on emissions, using aseriesof quasi-experimental

designs. It Þnds, at best, limited evidence that the tax has reduced thecountryÕs emissions. The

paper indicates threepossibleexplanations for this result, including the taxÕsexemptions, the

valueof the tax, and thepower of thequasi-experimental design. Themain objectiveof thispaper

is to explore theeffectsof theÞrst of thesechannels, by quantifying thecost of theexemption, in

relevant economic and environmental variables, including emissions.

There is still no clear information on thisÓsubsidyÕsÓstrength. If at least some industrieshave

low-cost opportunities to transition from covered fuels to coal, emissions from coal consumption

1 The required coal for generating one metric million British thermal units (MMBtu, an energy unit) produces
113.7 Kg of CO2. In contrast, the dirtiest fuels covered under the tax (i.e., fuel oil) will create only 75 % of these
emissions.
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will increase, and thenet effect on emissionswill be indeterminate. This is the reßection of the

second-best principle in public and environmental policy, whereapositive tax rate in emissions

for other fuelsmight no be longer optimal, under the restriction imposed by theexemption

(Bennear and Stavins, 2007; Lipsey and Lancaster, 1956). Understanding how signiÞcant this

effect could be isessential to understanding theex-post evidenceon emissionsor any other

economic variable. Thispaper estimates theordersof magnitudeof the implicit subsidy through

thedesign and implementation of acomputablegeneral equilibrium model (CGE). It identiÞes

and quantiÞes the inefÞciencies introduced by theexemption in a form that could inform

researchersand policymakers.

CGEshavebeen oneof themain toolsof theex-anteanalysis of carbon pricing strategies

around theworld (Babatundeet al., 2017; Bergman, 2005; Bohringer and Rutherford, 1997; van

Heerden et al., 2016, 2006; Alton et al., 2014; Freire-Gonz«alez and Ho, 2019; Xu and Wei, 2022).

Colombia isnot an exemption, with previouswork evaluating ex-ante implementationsof carbon

taxesor carbon prices, under aseriesof diversescenarios (Calder«on et al., 2014; Romero et al.,

2018; Sousaet al., 2020; Arango-Aramburo et al., 2019; World Bank, 2020; DNP, 2015b; SDAS

and DNP, 2012).

Ex-post, however, wecan use it to consider questionsof theÓwhat would havehappenedÓ

nature, especially if either (1) it can improveour understanding of ex-post analyses or (2) there

aredataor theoretical restrictions to quasi-experimental ex-post analysis. Fitting themodel to the

real-life taxÕsdesign will allow us to get abetter measure than thosewecan obtain from previous

models. Furthermore, asused in ex-anteanalyses, wecan still Þnd useful information on the

seriesof behavioral parameters that affect the inefÞcienciescreated by theexemption.

The literatureon exemptions in carbon taxes isstill scarce, which contrastswith the

signiÞcant importance this topic has in every-day policy-making (Timilsina, 2022). Thispaper is

similar in nature to two previous papers, although in different ways. First, aswith Bohringer and

Rutherford (1997), it evaluates the implication of exemptions in carbon taxesand usesaCGE

model to do so. However, in contrast to their case, but closer to thework of van Heerden et al.
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(2016), it models, as well aspossible, thestructureof a real-lifepolicy implementation. Second,

likeKing et al. (2019), this paper discussesa form of exemption, but based on fuel and not in the

economic sector. Nevertheless, their conclusionsare related, insofar as thecoal exemption can be

seen asequivalent to having adifferent marginal carbon tax rates in each sector, lower in those

with higher pre-tax consumption of coal.

Thispaper usesastatic multi-sectoral model for theColombian economy to simulatemultiple

scenarios for the tax and itsexemptions for theeconomy just after thestart of thepolicy. It

explores themain consequences of the tax on theeconomy, with an emphasison how they

differed as thecoal exemption was introduced. It measures theexemption consequenceusing

three indicators: (1) thenumber of prevented reductions in emissionscaused by theexemption,

(2) thecost per reduced emissions, and (3) the implicit subsidy on coal.

Themodel suggests that thecoal exemption is responsible for preventing the reduction of the

equivalent of 1,838 thousand metric tonsof CO2eq. Thiscould be interpreted asaplausible

measureof theeffect after theÞrst year the tax was implemented, suggesting an immediate lossof

more than 35 million USD, when using aconservativesocial cost of carbon (US$ 20/tCO2eq).

Furthermore, my results indicate that theexemption hasalso made the reduction morecostly. In

particular, I Þnd that thecost per reduced emissions in thescenarioswith thecoal exemption is

1.38 times that observed without theexemption. Thisexemption, at the initial tax rateof US$

5/tCO2eq for 2017, is equivalent to asubsidy on coal of 0.38%. Thesecosts come from the fact

that theexemption iseffectively reducing the tax base (Bohringer and Rutherford, 1997).

Furthermore, someof thesecostswill beexacerbated even at higher rates, another reßection of

thesecond-best principle.

ThepaperÕsmain contribution is theestimation of the implicit costsof theexemption for

Colombia, asacasestudy for other developing countrieswith acarbon tax or interested in

implementing one that hasbeen forced, for economic or political considerations, to consider

generous exemptions in their designs. Early literaturehashighlighted theexemptionsÕrisks and

scenarioswhere thereshould beconsidered (Bohringer and Rutherford, 1997; Hoel, 1996),
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although more from a theoretical perspective. As suggested by Timilsina (2022), theempirical

effects of theexemptions isstill an understudied topic, agap thispaper seeks to Þll. Although

highly focused on theColombian case, researchersand policymakerscould also Þnd thedesign

and codeof themodel to beuseful, aswell as theestimation of thecost of leaving out fossil fuels

from thecarbon taxÕsbase. The latter hasbeen asigniÞcant point of discussion in ex-post analysis

wheresomeauthorshavesuggested that the lack of more robust resultsof thecarbon pricing

could come from themultipleexclusionsand exemptions in thecurrent designs (Lin and Li,

2011). Getting an informed estimateof thesecosts isessential to expand thescopeof theexisting

literature.

Empirically, thispaper has two other minor contributions. First, it isan exampleof how we

can combine the inputs from two empirical strategies, i.e., theeconometric model coming from

Gomez-Mahecha (2023a) and thesimulations from this paper, to get abetter understanding of a

policy implementation. Assuggested by Tavoni (2023), although therehasbeen a rigid division

between dataand model-based approaches for analysisof climatepolicy, it is in thecombination

of these two that wemight providebetter guidance for decision making. Second, thepaper

providesamodeling foundation so other researchers can build on thework and thespeciÞcations

suggested here. It uses thealgebraic code from Julia, JuMP (Lubin et al., 2023), which isan

open-access software.2 Similarly, it couples thealgebraic languagewith both open and

closed-accesssolvers, so that those interested could implement themodel even without theusual

required license.

Thispaper isorganized as follows. First I brießy introduced theColombian carbon tax and the

coal exemption. Second, I present theempirical strategy, starting with thedetailsof thestatic

model, including thehighlightsof its speciÞcation, thedataand calibration, and themathematical

programming structure. I present the resultsof themodel in two parts. First, I brießy described

thegeneral effectsof the tax for the two exemption scenario (no-exemption and coal-exemption),

and under different tax rates (including theoriginal 2016Õs rate). Second, I formally introduce the

2 GAMS offers a one-year free license as an introduction to the program if Julia is not an option that could be
considered
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proposed estimators, their estimates, and aseries of sensitivity analyses for our results. We

concludewith someÞnal considerations.

2.2 About theColombian Carbon Tax and theCoal Exemption

Colombia introduced thecarbon tax through theÞscal reform of 2016, through Law 1816

(Congreso deColombia, 2016), although it was only implemented in 2017. The tax was thought

of asacomplementary strategy for achieving ColombiaÕs CO2 reduction goal of 20% by 2030, as

stated in Paris (Aristiz«abal Alzateand Gonz«alez Manosalva, 2019; SemanaSostenible, 2017). As

in a traditional carbon tax, the taxableevent is theemission in termsof carbon dioxides

equivalentsCO2eq, but it is limited to thosegenerated by thecombustion of fossil fuelsused for

energy purposes in Colombian territory (i.e., exports areexcluded). The tax started charging the

equivalent of US$5/ tCO2eq (or COP15,000 per tCO2eq) when purchasing gasoline, kerosene,

jet fuel, diesel fuel (ACPM), and fuel oil. Natural Gasand LiqueÞed Petroleum Gasarealso

exempt but only for speciÞc industrial use, so that thecoal exclusions from the tax base is the

moresigniÞcant exemption. The tax feehasbeen scheduled to increaseannually by the inßation

rateplusonepoint up to reach theequivalent of US$30/ tCO2eq3 (Congreso deColombia, 2022).

The tax iscollected by the fuelÕsproducer or importer, asapplicable, and reported to the

National Department of Taxes (DIAN). From 2017 to 2021, thecarbon tax collected US$ 557

million. The tax revenues per year since2017 areshown in FigureB.1. These resources

correspond only to aminor fraction of thegovernmentÕs revenuesby domestic indirect taxes

(0.54% on average from 2017 to 2021). However, thecarbon tax is thebiggest of theColombian

green taxes (65.7% based on estimationsof Rona (2019)). The revenues from thecarbon tax have

been earmarked since its introduction, setting somepercentage to itsuse for environmental

protection, preservation, and restoration. Currently, 80% of the revenuesareaddressed to itsuse

in Óstrategic ecosystemsÓ, through programs on reforestation, payment for environmental services

3 The tariff will be adjusted annually up to reach the equivalent to three Tax Value Units (Unidades de Valor
Tributario - UVT). Its equivalence will depend on the exchange rate and the UVT value, but this will be equivalent
today to COP127, 219 or US$30.16 per tCO2eq.
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(PES), or other typeof instruments (Congreso deColombia, 2022). Conversely, the remaining

20% hasbeen set to fund theNational Program on Substitution of Illicit Crops (Programa

Nacional Integral deSustituci «on deCultivosdeUso Il«õcito - PNIS). Littlediscussion hasbeen

doneon thegovernmentÕseffectiveness in using these resourcessince the introduction of the tax.

Several criticismshavebeen madeof the intervention, with theexclusion being aprimary

concern. The reason for thisdesign wasnever clariÞed. Rona (2019) suggests that coal was

omitted from thecovered fuels to compromisewith theprivatesector. Themain issuemight have

been the increasing participation of thermal energy in thecountryÕselectric generation system.

Theevolution of the total and renewable installed capacity in electric generation in Colombia, and

thepercentageof generated energy coming from renewables, areshown in FigureB.2. Although

ColombiaÕselectric power, from theNational Interconnected System (Sistema Interconectado

Nacional ÐSIN), still comesmainly from hydroelectric technology, thermal energy hasbeen

increasing its shareover the last 20 years. Currently, 68% comes from renewablesources,

primarily hydroelectric generators (ACOLGEN, 2022). About 29.3% comes from thermal units,

wheregas (12.3%) and coal (9.31%) are the two main typesof fuels.

Thedebatewasopened again recently. The failed Þscal reform of ex-president Ivan DuqueÕs

government in 2021 madeaÞrst attempt to eliminate theexemption. However, thegovernment

dropped the reform after being poorly received by thecommunity. Through thisdiscussion, the

interest of different stakeholderswasclearer to prevent the inclusion of coal in the tax base.

Businessassociations, including theColombian Association of Electric Power Generators

(Asociaci «on Colombiana deGeneradoresdeEnerg«õa El«ectrica - ASCOLGEN) and theNational

Federation of Coal Producers (Federaci «on Nacional deProductoresDeCarb«on - Fenalcarbon),

lobbied very early against it (Rep«ublica, 2021). Thecurrent government of Gustavo Petro

achieved itsgradual introduction with theÞscal reform of 2022 (Congreso deColombia, 2022).

Theuseof coal will be initially charged 25% of thecarbon rate, starting by 2025. Thepercentage

of carbon ratewill increaseup to 100% by 2028. Nevertheless, thepolicy still exemptscokecoal

from the tax, and theother sectorial exemptions, described above, remain unchanged.
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2.3 Empir ical Strategy

The tax exemptionsdiscussed above, especially thoseover coal, createconßicting incentives.

On oneside, there is achargeon thecarbon emitted by thecovered fuels, but on theother, coal is

implicitly subsidized. This implies that thenet result of theemission tax is indeterminate.

Becausecoal is thedirtiest of fuels, thepollution from itsmore frequent usecould overpass the

reductions achieved with theother fuels. This uncertainty could also beextended to other

economic outcomes. The tax will increase thecost of production, resulting in lessoutput and

lower demand for other essential inputs, such as labor. Conversely, allowing fuel optionswithout

a tax will enableproducers to adapt to thesehigher costs.

Which effect will dominatewill depend on theability of theeconomic sectors and agents to

substitutebetween energy goodsand how thesechangesare transmitted through theeconomy,

i.e., thegeneral equilibrium effects. Wewill only get more information on which effect would

prevail by understanding theparticularitiesof theColombian economy. Then, wecan understand

and quantify how necessary theseexemptionswereand how weshould interpret theex-post

analysisof theColombian carbon tax.

As theseeffects result from thedecisionsof multipleagents in multiplemarkets, general

equilibrium modeling provides agood setting for our analysis. Thispaper proposesacomputable

general equilibrium (CGE) model, calibrated to theColombian economy before the introduction

of the tax, to simulatedifferent scenariosof exemptions that allow us to evaluate the

environmental and economic consequences of the taxÕsdesign. Wewill detail the relation of

multiplesectorsand agents, given thepre-existing distortions in theeconomy. Themodel would

also allow us to identify theparticular settingsand scenarios that determinewhich of theeffects

created by theexemptionswould dominate.

CGEshavebeen aprimary tool in theex-anteevaluationsof multiplecarbon pricing strategies

worldwide. Thispaper demonstrates that they can begood complements of ex-post analysis,

especially where traditional quasi-experimental techniques can not properly beused. A

computablegeneral equilibrium model can bebetter described as thesimulation of economic
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agents such that their behavior replicates theobserved behavior in agiven baseperiod. Policy

instrumentscan then besimulated so wecan get insights into their consequenceson theeconomy.

That is, CGE models providea theoretically controlled environment for evaluating thesimulated

policyÕsconsequences, particularly tailored to replicate real dataof abasescenario.

I begin with modeling parameters (i.e., elasticities) from previoussimulationsof the

Colombian economy and useColombiadata to capture thecountryÕscontext. In particular, I

follow up on themain characteristicsof theprincipal CGE model used for policy analysis in

Colombia, theGeneral Equilibrium Model for ClimateChange in Colombia - MEG4C (SDAS

and DNP, 2012). My intention isnot to replicate themodel but to get itsmain featuresso that we

can haveacommon background with previouspolicy analysis, while introducing thecurrent

carbon tax design into themodel.

It isalso important to acknowledge that the literaturehas highlighted multipleconcernswith

CGE models. Particularly, theempirical validation of thesemodelshasbeen controversial.

Although theexogenous parametersused for CGE models like thisoneusually come from

empirical estimations, they areused in ways that arenot alwaysconsistent with themodels they

come from. For example, noneof theseestimationscome from econometric models that are

simultaneously considering the rest of thegeneral equilibrium conditions. Wewill return to this

issue later.

2.3.1 TheModel

Thissection describes themain aspectsof theproposed model in its static version. Themodel

is schematized in Figure2.1. Theproposed model represents theColombian economy asa

multisector, perfectly competitive, small, open economy. ThemodelÕsdetailed description and

formulation aregiven in theAppendix B.B.3. Thissection details themodelÕsmain elements and

compares and contrasts thedesign to other relevant models.

To capture theconsequences of excluding sectorsor fuels from thecarbon tax, themodeling

framework of theproduction sector is vital. Theproposed model followsaproduction structure,
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that allows for substitution between energy sourcesand other typeof inputs. In particular, we

follow thestructureused by theMEG4C model, which hasbeen theprimary model for climate

policy studieswithin theColombian government (SDASand DNP, 2012), and usean (L(K E))M

production function wherevalueadded (L(K E) component) is created from acombination of

capital (K ) and energy (E) in acapital-energy aggregate, and thecombination of this aggregate

with labor (L). Finally, thevalueadded iscombined with the rest of thenon-energy inputs (theM

component). Its structure ispresented in Figure2.1, box B. Under it, each production is assumed

to bedescribed by a four-level production structure. Themultiple levels allowed for direct

substitution between energy and capital (third level), and indirect substitution between labor and

energy (second level).

Likeother climate/energy models, theproposed production function treatsdifferent energy

goods from theother inputs. Given this speciÞcation, wedifferentiate in themodel between

energy (set F ) and non-energy (set J ) goods, so that their union corresponds to the total number

of commodities/activities in theeconomy (set X , and indexed with i ). Theenergy goods (indexed

as f ( F = { 1, ..., nF } ) captures thegoods in theeconomy that areused to produceor provide

energy. Someof thesewill also belong to theset of fossil fuels (set D and index d), so that

D ) F , which areexpected to beunder thecarbon tax. Finally, thenon-energy goods (indexed as

j ( J = { 1, ..., nN F } ) correspond to the rest of thegoods in theeconomy. Thedetailsof the

particular commodities under each classiÞcation will bediscussed below in theDatasection.

Both typesof goodsareassumed to follow thesameproduction function, but, they have

different propertiesas inputsand, given our caseof interest, they might besubject to different

taxes. In any production function, thecombination of non-energy goods followsaLeontief

production function, so they areconsumed asaÞxed proportion of the total output of each good.

Instead, theenergy commoditiesarecombined to producean energy composite (in themodel,

X E
X i ), deÞned for theproduction of each commodity X i , that allows for substitution between

energy sources following aConstant Elasticity of Substitution (CES) production function (fourth

60



Fi
gu

re
2.

1:
M

od
el

Õs
Sc

he
m

e

N
ot

es
:

G
ra

ph
ic

m
ad

e
by

th
e

au
th

or
.

61



level). This includessubstitution between fossil fuelsand other sourcesof energy, promoted for

exampleby acarbon tax or any other policy that affects their relativeprices.

Box D of Figure2.1 highlights theagents represented in themodel. Agents receivean income

and either distribute it to other agents or use it for their expenditures. Thehouseholds (set H ) are

themost complex of theseagents, as they areassumed to maximizeaCES utility function subject

to their income, generated by the retribution to their production factors, transfers from other

agents, and dividend from theÞrms, after discounting thedirect taxes. The factor remuneration

comes from the factorsmarket (Box A in Figure2.1). For simplicity, it has been reduced to one

typeof capital and one typeof labor, under perfect competition and perfect mobility. It is

thereforepriced based on the interaction of theÞxed endowmentswith thesupply. The

government received income from taxes (direct and indirect taxes), dividends, and rent from its

capital, with which it satisÞes itsobligation in termsof transfersand savings. The remaining part

corresponds to the resourcesused for government expenditure, which isequivalent to a

Cobb-Douglassdemand for thecommodities in theeconomy. In themodel we represent avariety

of indirect taxes, including taxes on production (PTT), sales (SIT), imports (MIT), exports (EIT),

and, in thepolicy scenario, carbon taxes (CIT). Finally, theÞrm represents thebusinesssector of

theeconomy in itsnon-productivedecisions, which are reduced to thepaymentsof dividendsand

direct taxes, with resourcescoming from either transferencesor payment of its capital

endowment.

As Colombia is represented as an open economy, decisionson importsand exportshave to be

made. The international commercecomponent isdescribed by box C in Figure2.1. Following the

CGE literature, themodel uses theArmington framework, whereproducers transform theoutput

for either domestic supply or exports based on theprice received in each alternativeand under

imperfect transformation, mediated through aConstant Elasticity of Transformation (CET)

function. Similarly, theproductsavailable to theconsumer are just thecombination of imports

and domestic demand, again based on theafter-tax priceof each option and aCES function.

Colombia isprice-acceptant in exportsand imports; therefore, theexport and import pricesare

62



just after tax adjustment of theworld referenceprices. TheROW agent represents the rest of the

interaction of other countrieswith theColombiaeconomy, receiving dividends and payments

from their owned capital whilemaking transfers to speciÞc agents in theeconomy. The real

exchange rate (e), the imports, and exportsareadjusted so thevaluegain from the foreign

transactionsminus its expenseson foreign currency equals thecurrent account balance (CAB).

Agentsdescribed aboveareassumed to have, adirectly or indirectly, an exogenous saving

level or rate. Households, for example, savea fraction of their incomebased on acalibrated

marginal propensity to save. In thecaseof Þrms, government, and theROW, thesaving level is

either determined as the remaining component after satisfying their expense (e.g., thedividends in

thecaseof theÞrm) or is set exogenously, depending on themodelÕsclosuremechanism. Details

on theclosuremechanism arediscussed later in this section. Thesavingsaggregate isused for

investment (seebox E in Figure2.1). Assuggested by Decaluw«eet al. (2013), themodel

differentiatesbetween investment as changes in inventories (X CI
X i ) and for capital formation

(X CF
X i ). In themodel, thechange in inventories isdetermined exogenously and, as in real life, can

benegative. In contrast, theuseof commodities for capital formation followsaCobb-Douglass

typeof demand. Thesum of both corresponds to the total demand for investment in each

commodity (X I
X i ).

Finally, the total demand isdescribed by box F in Figure2.1. It comprises theenergy and

non-energy goods required by the industry (i.e., the intermediatedemand), households,

government, and investment. Finally, thegoodsÕmarkets reach equilibrium when the total

demand equals the total unitsavailable in themarket, which combines domestically produced

commoditiesand imports, aggregated via theArmington composite (QX i ). In this market, the

carbon tax will affect theequilibrium by further increasing thebreach between theproducer and

theconsumer prices. The inclusion of thecarbon tax and theemission accounting isdescribed

below.

Thecomplete list of equationsand variables is summarized in appendix sectionsB.B.6 and

B.B.7, in theappendix.
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2.3.2 Carbon Tax and GreenhouseGasesEmissionsAccounting

In themodel, weare interested in accounting for theemissions that come from theuseand

burning of fossil fuels, which are the typeof emissionscovered by theColombian carbon tax. As

such, weexcludeother types of emissions, such as thosecoming from Agriculture, Forestry and

Land UseChange (AFOLU) or process emissions. This section describes thegeneralitiesof

emission accounting and how they are included in themodel. Further detail can be found in

section B.B.3 in theappendix.

ThespeciÞcation iscloser to van Heerden et al. (2016), and adjusted to Þt with thedata

available for Colombia. Emissionsof theGreenhouseGases (GHG) are the resultsof the

consumption of fossil fuels in themodel. Fossil fuels (set D) areasubset of energy goods, and

they areeither produced or imported. In general terms, thesecorrespond to either solid, liquid, or

gaseous fuelsderived from coal or petroleum. Emissionsarecalculated based on the factor of

emissionsassociated with each of these. Given thedataavailable, this factor of emissionscan be

different depending on theusegiven to thegood.

Therefore, the total level of emissions associated with fuel d (EmissionsD d) isgiven by the

sum of emissionscoming from itsuseas intermediatedemand and from its useasÞnal

consumption,

EmissionsD d = EmissionsI nt
D d + EmissionsF i n

D d . (2.1)

Weunderstand asÞnal consumption of fuel d as thesum of quantitiesdemanded by households

({ X H h
D d } h! H ), government (X G

D d), and investment for capital formation (X CF
D d ). Assuch, the

emissionscoming from theÞnal-consumption of each fuel d aregiven by

EmissionsF i n
D d = )F i n

D d

2

3
"

h! H

X H h
D d + X G

D d + X CF
D d

4

5 , (2.2)

where )F i n
D d is thecorresponding emission factor, and translates theamount of Þnal consumption

of fossil fuel d into emissionsof GHG on CO2 equivalent (CO2eq).
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In thecaseof emission from intermediatedemand, each industry has itsown emission factors.

In this case, theemissionsassociated with theuseof fuel d when used in theproduction of good i

isgiven by:

EmissionsI nt
X i ,D d = )I nt

X i ,D d X X i
D d, (2.3)

where )I nt
X i ,D d is thecorresponding emission factor. Therefore, theemissionscoming from the

intermediatedemand of fuel d is given by

EmissionsI nt
D d =

"

i ! X

EmissionsI nt
X i ,D d. (2.4)

Finally, theeconomyÕs total level of emissionsof GHG associated with fuel combustion isgiven

by thesum of emissionsby fuel. That is

Emissions =
"

d! D

EmissionsD d (2.5)

Note that theemissions factors in themodel (i.e., )F i n
D d , { )I nt

X i ,D d} i ! X ) arenot thechemical

emissions factors, as they do not necessarily represent theemissionsper physical unit of fuel.

This is becauseCGE modelsarenot usually speciÞed in physical units. First, models of this kind

relied on theaggregation of similar goods, e.g., liquid fossil fuels. Therefore, theactual amount of

emissionsassociated with thisaggregatecan changedepending on itsuse.4 Second, these

aggregates can represent different emissions levels when themodel is calibrated with dataon the

valueof transactions instead of physical units, as in this case. In this case, theseemissions factors

areobtained through calibration and interpreted as theemissionsassociated per monetary unit.

Thecarbon tax sets apriceper ton of CO2eq (pE mi ) so that the total valueof thepurchaseson

fuel d now includes thevalueof theemissions associated with it. Nevertheless, thedesigned

exemptionsmakeusdistinguish between observed and covered emissions. Thedifference

between these two is regulated by theexemption parameters#, which stateswhat proportion of

4 Note, for example, that the emissions from the liquid fossil fuels in the transportation sector might be different
to its composition in the industry sector, as they rely differently in each of the fuels that this aggregate is capturing
(gasoline, diesel, kerosene, etc.)

65



theemissionsof fuel d that arepart of the tax base. Theseparameterscan beset by the typeof use

(e.g., intermediate in theproduction of commodity i or Þnal use) and by the fuel type, so that we

can deÞne thecovered emissions from fuel d (EmissionsD d) as

EmissionsD d =
"

i ! X

Emissions
I nt
X i ,D d + Emissions

F i n
D d . (2.6)

Emissions
I nt
X i ,D d correspond to thecovered emissionscoming from fuel d when producing

commodity i , and is given by

Emissions
I nt
X i ,D d = #I nt

X i ,D d EmissionsI nt
X i ,D d, (2.7)

where0 " #I nt
X i ,D d " 1, whileEmissions

F i n
D d are thecovered emissions coming from Þnal

consumption of d and they aredeÞneas

Emissions
F i n
D d = #F i n

D d EmissionsF i n
D d , (2.8)

and 0 " #F i n
D d " 1.

Given this, the total cost of consumption of fuel d for intermediateuse in industry i isgiven by

pC
D dX X i

D d + pE mi Emissions
I nt
X i ,D d (2.9)

= pC
D dX X i

D d + pE mi #I nt
X i ,D d)I nt

X i ,D d X X i
D d, (2.10)

where theequality comes from Equation 2.3 and Equation 2.7. From here, wecan deÞne theunit

priceof fuel d when used for production of commodity i as

pC
X i ,D d = pC

D d + pE mi #I nt
X i ,D d)I nt

X i ,D d. (2.11)

Under similar considerations, theconsumerÕsunit priceof fuel d when used either for

consumption of households, government or capital formation, isgiven by

pC
F i n,D d = pC

D d + pE mi #F i n
D d )F i n

D d . (2.12)
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Finally, wecan seethat the total revenuefrom thecarbon tax on fuel d (CI TD d) isgiven by the

total of covered emissionsassociated with the fuel times thepriceof theGHG emissions. That is,

CI TD d =
"

i ! X

pE mi #I nt
X i ,D d )I nt

X i ,D d X X i
D d + pE mi #F i n

D d )F i n
D d

,
X H h

D d + X G
D d + X CF

D d

.
(2.13)

= pE mi

0
"

i ! X

Emissions
I nt
X i ,D d + Emissions

F i n
D d

1

(2.14)

= pE mi EmissionsD d, (2.15)

These revenueswill becomepart of thegovernment budget. Because I am not considering any

form of revenue recycling, and theGovernment expenditurewill beset constant through

simulationsunder theselected closureapproach (discussbelow), these revenueswill increase

government savings and investment.5

Therearesomeelements to behighlighted from the formulation presented above. First, from

Equation 2.11 and Equation 2.12 above, wecan havean alternative interpretation of the

exemption parameters#, asapercentageof theemissions priceassociated with thegiven fuel and

use. Second, wecan see from the formulation that, by setting either theemission factor or the

exemption parameter to zero, we return to thecaseof no carbon tax, whereall thedemand is

subject to thesameprice, and there isno revenuecoming from thecarbon tax. Finally, wecan see

that the tax is charged to all uses, except for changes in inventories. In this case, wedo not expect

the fuels to beburned, and therefore thereareno emissions.

2.3.3 Closure

Unlessexplicitly stated, themodel followsby default asaving-driving closure. In this case,

savingsareexplicitly and implicitly determined by theexogenousvariables. In thecaseof

households, for example, savings areexplicitly determined by themarginal propensity of saving,

which although calibrated from thedata for thebaseline, will remain constant acrossour

5 The current model does not include any particular form of revenue recycling as the current tax design does not
have one. In my view, an increase in investment is consistent with the expected use of the carbon tax revenue under
Colombian law.
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simulations. In thecaseof thegovernment, savingsare implicitly determined by setting thevalue

of transfersand expendituresasexogenousvariables. In thecaseof Þrms, savingsarealso

determined implicitly by setting theamount of dividends. Theset of exogenously determined

variables in thedefault speciÞcation of themodel is identiÞed in the list of variables in Appendix

B.subsection B.7.

Saving-based closure is themost common speciÞcation in CGE models (Hosoeet al., 2010).

Furthermore, it isalso the typeof closure in theMEG4C model for Colombia, and, therefore, our

Þrst option. Nevertheless, the literaturehas continuously warned that the resultsof CGE models

can besensitive to the typeof closureof themodel, and thereforeour resultsaresubject to this

speciÞcation. Further discussion will be left for the results section.

2.3.4 Data and Calibration

As with other CGE models, thebasic sourceof data for our model comes from theSocial

Accounting Matrix (SAM) and acollection of empirical estimations for any parameter that cannot

becalibrated. In addition, given thegoal of modeling carbon pricing strategies, themodel

requiresdataon emissions that is consistent with the formulation previously discussed. This

section goes through thegeneralitiesbehind thisdatastructure, in particular its sourcesand

construction, and other signiÞcant considerations.

Beforediscussing thedata, it is important to understand what kind of information themodel

needs. Theproposed model isbasically a representation of theeconomic decisionsaround the

commercial goods in theeconomy, with special emphasison the fossil fuelscommodities, and

thereforepotentially covered by thecarbon tax. That is, weneed to identify in thedata theenergy

and non-energy commodities introduced in themodel formulation above, and thoseof theenergy

goods that are fossil fuels. Even more, within the fossil fuels, weneed to distinguish coal from

the rest, so wecan model theexemption weare interested. Finally, weneed to classify the

economyÕscommodities into groups that allow us to match information from different sources,

especially those related to theparameters that can not becalibrated, and that, therefore, come

68



from external empirical studies or previousmodels.

Weadapt thecommodities classiÞcation from MEG4C to thedatawehaveaccess to,

following theclassiÞcation reported in SDAS and DNP (2012) and DNP(2015b). Again, wedo

thisso wehaveacommon structurewith thegovernmentÕsmodel and wecan use thesameset of

exogenous parameters. Assuch, thecommoditiesclassiÞcation weuse is stated in TableB.1. We

might need to modify theclassiÞcation for someof thesimulations, but themodel, by default,

will use thisgrouping. Under this classiÞcation, thecommodities aregrouped into 18 categories,

four of them energy goods. Within theenergy goods, weareable to identify coal, liquid fossil

fuels (i.e., gasoline, kerosene, jet fuel, diesel, and fuel oil), gaseous fossil fuels (i.e., natural gas,

liqueÞed petroleum gas), and electric energy.6 ThisclassiÞcation isonly possiblebecauseof the

public availability of dataon thesources for theSAM at thesix-digit level of theCentral Product

ClassiÞcation (CPC) adapted to Colombia (DANE, 2020). Under lessdisaggregated data, we

might need to makea lessdetailed classiÞcation of fossil fuels. Wewill label themodel using the

18-commodities as18comm, and themodel using the reduced aggregation in TableB.1 as the

5comm model.

TheÞrst pieceof information comes from theSocial Accounting Matrix (SAM). TheSAM is

a representation of thebalanceof thenational economic accounts, for agiven period of timeand

for agiven economy (Kehoe, 1998; Marcaand Jiang, 2017; Mainar-Causap«eet al., 2018; Round,

2003; UN, 2018). Assuch, it isa representation of all theeconomic transactions in theeconomy,

and it isusually built or modiÞed so it represents theparticular economic agentsconsidered in the

corresponding model. Although therearemultipleways thismatrix hasbeen built in the

literature, auseful structure is shown in FigureB.3 (Marcaand Jiang, 2017). When seen by its

columns, wecan represent theexpenditures, whileagentsÕincomesare represented through its

rows, so that thesum of each column should beequal to thesum of thecorresponding row(s). A

SAM is themain sourceof information for aCGE, as themodelÕs speciÞcation also follows the

6 In contrast to MEG4C, we do not consider crude petroleum an energy good, as the raw material is usually not
burned for energy source, but to transform to fossil fuels. This distinction is necessary as we are concerned mainly
of the emissions coming from burning fossil fuels, and not the process emissions. Also, it seems unrealistic that an
industry that faceshigher costs in fossil fuelswill consider crudepetroleum asubstitute.
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sameeconomic balances (Kehoe, 1998). That is, each cell is a representation of avariableor a

group of variables in themodel, as represented in FigureB.4. From thisÞgure, it iseasy to see

how theequilibrium conditionsof theCGE model areembedded in thebalanceof theeconomic

accounts represented by theCGE. Assuch, theSAM isnot only themain sourceof data for the

calibration of theparameters in themodel but itsdata isalso used as thestarting values for the

algorithmsbehind thesolution of theCGE models.

Most of modern statistical departmentsof national accountsworldwideprovidebasic

information to build theSAMs, especially if thecountry follows theSystem of National Accounts

(SNA) (UN, 2018; Round, 2003; Mainar-Causap«eet al., 2018). Colombia isno exception, and in

fact, theNational Department of Statistics (Departamento Administrativo Nacional deEstad«õstica

- DANE) providesabasic pre-build SAM. Nevertheless, ashasbeen discussed above, theSAM

needs to beadjusted to themodel, to Þt its commodities/activitiesaggregation. Wereconstruct the

SAM for theclosest year before thestart of the tax implementation for which wehavecomplete

data, 2015. Weuse two main sourcesof data, the Integrated Economic Accounts (IEA), and the

Supply and Use tables (SUT), which are themain sourcesof information on astandard SAM. For

now, thedatausesonly information from oneaggregatehousehold and oneaggregateÞrm. The

detailsof its construction can be found on subsection B.8 in theappendix, and a reduced version

of thematrix (with theModelÕs reduced aggregation for commodities) ispresented in TableB.3.

As in other SAM-based CGE models, most of theparametersof themodel will beobtained by

calibration, so themodel could represent thecorresponding data for theselected baseline. As

highlighted by Dawkinset al. (2001), this kind of model uses theequilibrium solution, assumed

to be represented by theSAM, asan identiÞcation restriction to obtain numerical valuesof a

subset of theparameters, in adeterministic framework. It basically converted parameters into

variables, and assigned variables to thevaluesobserved from theSAM, and solved for the

parametersby imposing theequilibrium conditionsbehind theequations of themodel.

Nevertheless, calibration usually isnot able to identify all theparameters, as themodel isusually

an under-identiÞed algebraic system. This is true in particular when using CESor CET functional
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forms, for utilitiesor production functions. In this case, modelers usually obtain estimationsof at

least oneof theparameters under these typesof functions, usually thesubstitution parameters (or

rho parameters in subsection B.7 in theappendix), through external empirical estimations.

Taking advantageof thepre-existent literatureon CGE models for Colombia, weadapt our

model to thevaluesused previously, especially thoseused by theMEG4C. Because the latter has

been themain model for theanalysisof climatepolicy in Colombia, taking their parameters

speciÞcation would allow us to at least usevalues that havebeen previously used for policy in the

country. Theparametersused by theMEG4C havebeen reported by SDASand DNP(2012) and

DNP(2015b). SDAS and DNP (2012) states that values come from previous models for

Colombia, such asBussolo et al. (1998), or extrapolated from theOECDÕsGREEN model

(Burniaux et al., 1992). Given thevalue for thesubstitution parameters, themodel follows the

standard calibration strategy of micro-policy models from theCGE tradition, as thoseproposed,

for example, by Decaluw«eet al. (2013) and Hosoeet al. (2010). Thevalues for theexogenous

parametersunder themain speciÞcation of themodel areshown in TableB.4 for theelasticities of

theCES and CET for international commerce, and in TableB.5 for thenested CES functions in

theproduction speciÞcation. These tables also providemore information on thesources

considered and alternativeparameter values given in these. Finally, householdsÕCES elasticity is

set to 1 for now, so their utility function virtually hasaCobb-Douglas form.

Finally, theemissionsdataalso comes from theDANE, particularly from their

Environmentally Extended System of National Accounts. In particular, weuse the information of

the fossil fuelsused by each industry and privateconsumers to derive the level of emissions

associated with each fossil fuel. Weuse theemission factors for 2015 from theEPAÕsGHG

Emission FactorsHub (EPA, 2015) to calculate the total emission of GreenhouseGases in CO2eq

for each of the fossil fuels in themodel.7 Themain advantageof thisdatasource is that its

construction isconsistent with theSUT, used to build theSAM. For thedataon emission by

industry, weuse theprojection matrix T used for theSAM, described in appendix section B.B.8,

7 Because the Environmentally Extended System reports physical quantities, we use the ÓchemicalÓemission fac-
tor, instead of theemission factorsdiscussed above, to recover the level of emissionsassociated with each fuel.
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to pass from emissions by industry to emissionsby commoditiesÕproduction. By theend, we

obtain thedataon emissionsassociated with each fossil fuel considered under theclassiÞcation

described above, by sector and for Þnal consumption, for thedeÞned baseyear (i.e., 2015).

2.4 Mathematical Program Formulation and Solution

A decentralized general equilibrium model corresponds to asystem of equations that, when

jointly satisÞed, represent theoptimal decisionsof multipleeconomic agents. Therefore,

following thesyntax from Arndt et al. (2002) and Go et al. (2016), astatic CGE model can be

fully represented by asystem of equations of the form:

F(X, Z, ! , " ) = 0 (2.16)

whereF isa I -dimensional vector-valued function, X isa I -dimensional vector of endogenous

variables (i.e., pricesand quantities), and Z isavector of exogenousvariables. Finally, ! and "

correspond to vectorsof behavioral parameters in themodel, where theÞrst one isdeÞned

exogenously and thesecond one isuniquely determined through calibration to thebaseyear once

! isdeÞned, given the form of F.

Therehavebeen multipleapproaches to solve this kind of system, anatural consequenceof

thevariousoriginsof thecurrent literatureon CGE (Bergman, 2005). TheÞrst generation of CGE

models, based mainly on thework of Leif Johansen and Herbert Scarf, usedifferent approaches to

solve them. Johansen proposed to express themodel asasystem of linear equationsso that it can

besolved through matrix inversion or linear programming. This tradition hasbeen highly

preserved on several modern models such asUSAGE in theUS and MONASH in Australia

(Dixon and Rimmer, 2016). On theother side, ScarfÕsalgorithm, developed independently from

thework of Johansen, becameoneof theÞrst Þxed-point methods. Inspired by theÞxed-point

theorems that allowed to prove theexistenceof theeconomic equilibrium, ScarfÕsalgorithm

providesan option to Þnd thecorresponding Þxed-point. Although it, or someof their successors

such MerrillsÕ(Merrill, 1972) or Van der Laan and TalmanÕs (van der Laan and Talman, 1979)
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algorithms, arenow rarely used, they seem to havecalled theattention of theoperation research

Þeld into theCGE models.

Today, most CGE models aresolved either asamixed complementarity problem (MCP) or a

non-linear optimization problem (NLP) using algorithmsevolved from Newton-Rhapson or the

gradient-descent algorithms.8 The formulation of aCGE as amixed complementarity problem is

the result of theequilibrium natureof themodel and usually makesuseof oneof two solvers:

MILES (Mixed Inequality and Non-Linear Equation Solver) or PATH (Ferris and Munson, 2000;

Rutherford, 1995; Ferrisand Pang, 1997). When formulated asanon-linear optimization

problem, theequilibrium conditionsareexpressed as theconstraintsof theoptimization problem,

while theobjective function isgenerally set to an arbitrary value.9 This isgenerally referred to as

a feasibility problem in theoperation research literature. This formulation requiresnon-linear

solvers, such as CONOPT (Drud, 1994). Thesestrategiesneed to usean existing equilibrium as

thestarting point of thealgorithm. In this sense, all theseapproachescalculatenew equilibriums

given exogenousand small changes in themodel, and the initial equilibrium provided by the

SAM becomesan essential requirement.

My model is formulated asan NLP, with slight differences to theabovespeciÞcation.

Non-negativeslack variablesareadded to the restrictions associated with themarket closureof

thecommodities (set X ), and factors (capital and labor), while theproblem is set to minimize

their sum. Thecondition of equilibrium existencewill guaranteeat least onesolution to this

program where theobjective function iszero so that all marketscloseand all the restrictionsof

theCGE aresatisÞed. Wage isset as thenumeraire in themodel, so it isÞxed to onebefore its

8 MCPand NLPare two formsof mathematically formulating theCGE model, that is, how theproblem iswritten.
The formulations are usually implemented in a particular modeling language, which generally receives the formula-
tion in algebraic notation and transforms it into the syntax required by the algorithms. The algorithms are usually
implemented in separate software known as solvers, which receives the information and returns the solution or its
status in a standardized format. In economics, GAMS (General Algebraic Modeling System) is the most common
modeling language. The World Bank led the implementation of CGE models in GAMS during the 1980s, resulting in
an explosion of users and the complexity of the models (Taylor, 2016; Bergman, 2005; Dixon and Parmenter, 1996;
Dixon and Rimmer, 2016).

9 Dixon and Parmenter (1996) discussed an alternative speciÞcation where the CGE model is rewritten similarly
to the corresponding welfare maximization problem of the centralized version of the model. We will not discuss this
speciÞcation as it isusually not applied and hasother seriesof restrictions to beconsidered.
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solution. Instead of using GAMS, weareusing theJuMP modeling language (Lubin et al., 2023).

Similar to GAMS, JuMPprovides the language to translatean optimization problem into different

solvers, however, with theadvantageof being a languageembedded in Julia, and, therefore, in a

moreversatileenvironment. Unlessexplicitly said, all resultsbelow aresolved with theCONOPT

solver.

2.5 Results

In this section, wego through thediscussion of theset of results coming from thestatic model

presented above. In this case, wemodeled the introduction of thecarbon tax at the rate it was

introduced in theeconomy by theend of 2016, of COP15,000 per ton of CO2eq (equivalent to

US$ 5/tCO2eq). Although the results comemainly from the18-commodities (18comm) model

described above, wewill return recurrently to the5-commoditiesmodel (5comm), derived from

thedataof TableB.3, to get more insight of the results, especially when wedelve into moredetail

at thesectoral level.10

Thissection isdivided into threesubsections. TheÞrst presents themain results for

introducing the tax. In particular, it discusses what would havehappened if the tax had been

introduced without theexemption on coal and how themodel predicts theseeffectschangewhen

theexemption is introduced. Thesecond discussesenvironmental and economic costs of thecoal

exemption. The third providessensitivity analyseswith respect to themodelÕsexogenous

parameters.

2.5.1 Carbon Tax Effects

To understand theeffectsof thecarbon tax, wesimulateaseriesof scenarios varying in two

dimensions. First, wesimulatedifferent tax ratesasaproportion of theoriginal rateof

US$5/tCO2eq (p0 * 15000). In termsof themodel, each scenario corresponds to avalue for the

priceof emission asaproportion of theoriginal rate (pE mi = ( áp0 with ( ( { 0, 0.25, ..., 3} ).

10 Thenumeric speciÞcation of the5comm model isdetailed in subsection B.9 in theappendix
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Second, weconsider two possibleexemption scenarios: (1) theno-exemption (NEx) scenario,

where the total rate isapplied to all sectorsand all fuels, and (2) thecoal-exemption scenario

(CEx), where there isan effective tax rateof zero for theemissionscoming from coal (i.e.,

#I nt
X i ,Coal = 0 for all commodity i and #F i n

Coal = 0).

Themost immediate result of introducing thecarbon tax, under theno-exemption scenario, is

the increase in energy costs for producersand Þnal users. Wecan look for these in themodel from

different perspectives. First, from theperspectiveof theusers, theprices for fossil fuels are

increasing in theeconomy, asshown in Figure2.2. TheÞgurepresentsaweighted averageof

consumersÕpricesafter thecarbon taxÕs introduction in the18comm model. Wecan see that the

pricesof the three fossil fuelsare increasing as the rateof the tax increases. For the full rate, with

which the tax was introduced (i.e., whit ( = 1), themodel suggestsan increase in pricesof 37%,

1.4%, and 7.9% for coal, liquid fossil fuels, and gaseous fossil fuels, respectively. On theother

side, from theproducerÕsperspective, in each sector, wecan also expect theexpenditureon energy

goods to increaseby introducing thecarbon tax. This is shown in FigureB.5 by using the5comm

model. Wesee that an increase in the rateof thecost of energy per unit is increasing in all sectors.

As thecarbon tax is intended to reduceemissions, weshould verify the tax effect on the

emissionsof thesimulated economy. Figure2.3 shows thesimulation results on total coal and

other fossil fuel emissions in theno-exemption scenario. From thisset of results, weÞnd that the

model suggests that emissionswould havebeen reduced by 7.19% if thecarbon tax had been

implemented without thecoal exemption, coming from areduction of 8.18% in thecoal

emissionsand a reduction of 6.87% in emissions from other fossil fuels.

Asexpected, themodel supports that introducing theexemption adversely affects theexpected

emissions reduction. Themodel results in termsof emissions, total and covered by the tax, are

shown in Figure2.4. Thesolid lines present the results for theno-exemption scenarios. In this

case, the total and covered emissionsare thesame, and they are replicating the resultswesaw in

Figure2.3. In contrast, thedashed linespresent the resultsof the total and covered emissions

under thecoal exemption (CEx) scenarios. In thebaseline, based on thedatadescribed above, the
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Figure2.2: AveragePriceof FossilsFuels

Notes: Graphic made by the author, with results from the 18comm model and the no-exemption scenario. As Þnal
consumers and intermediate might face different prices, the weights in the average correspond to the proportion of
the total demand sold to thecorresponding price.

exempted emissionscorrespond to around 24.4% of the total emissionscoming from fossil fuels.

Once theexemption is introduced, themodel suggestsaconsistent reduction of thecovered

emissions, although at aslightly lower rateon how emissionswould havebeen reduced in the

no-exemption scenario. Furthermore, themost signiÞcant difference is in total emissions, where

wecan see that introducing theexemption isassociated with lower emissionswhen compared to

thebaselinebut higher than in thecasewithout exemptions. In particular, in thescenario with the

full rate (i.e., ( = 1), the total emissionsare reduced by 5.18% with respect to thebaseline, which

ismore than aquarter less than theemissionsunder theno exemption casewith thesamerate.

Carbon tax exceptions, like theone for coal in Colombia, areusually justiÞed by their

economic or distributional consequences. Theanalysis of theexemptionÕsdistributional effects is
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Figure2.3: Total Emissions in the18comm Model - Coal Vs. Other Fossil Fuels

Notes: Graphic madeby theauthor, with results from the18comm model, under theno-exemption scenario.

outside this paperÕs scope. Nevertheless, wecan use themodel to explore theeconomic costs

under the two exemption scenarios in thesimulated economy. Starting with theproduction level,

Figure2.5 shows theevolution of thegross domestic product through theGDPat basic prices

(GDPbp)11

TheGDPbp resultsareconsistent with our preconception that the tax would inevitably reduce

production, especially aswearenot explicitly using a recycling mechanism. Nevertheless, the

question is if the reduction isworth it. Wecan see from Figure2.5 that themodel simulations

suggest that theeconomy is reduced as the tax rate increases. In particular, themodelÕs results

indicate that at the full rate, theGDPbp would havebeen reduced by 0.08%, with respect to the

11 GDP at basic prices corresponds to what is usually known as the Gross Value Added. It should be considered in
the model as the equivalent of a real GDP, as it is not affected by the increase of prices due to the introduction of the
tax and reßects theproduction level in theeconomy.
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Figure2.4: Total and Covered Emissions in the18comm Model - No-Exemption Vs.
Coal-Exemption

Notes: Graphic made by the author, with results from the 18comm model. Solid lines correspond to the no-
exemption scenarios, while thedashed line is thecoal-exemption (CEx) case.

baseline. More interesting, when comparing theexemption scenarios, introducing thecoal

exemption only slightly improves theGDPbp. Furthermore, themodel suggests that Þnding

signiÞcant differencesbetween theexemption scenarios, the ratehas to besigniÞcantly higher,

even over three times the initial rate.

Wecan use the5comm model to seehow themodel suggestssectorsdistribute theeffect of

thecarbon tax. Figure2.6 shows thepercentagechangeof theGDPbp by sector/industry. Wecan

see that the introduction of the tax isassociated with an increase in thecoal sector, which seems

to beexplained by the rise in exports in an industry with high export substitution possibilities and

an already high level of exports. Wecan also see that introducing theexemption in this case is

associated with even higher growth rates, probably coming from thesubstitution towardscoal. In
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Figure2.5: GDP at Basic and Current Prices - No-Exemption Vs. Coal-Exemption

Notes: Graphic made by the author, with results from the 18comm model. The left y-axis represents the GDP at
basic prices (GDPbp) or gross value added. The right y-axis represents the GDP at current prices (GDPcp). Solid
linesand dashed linescorrespond to theno-exemption and thecoal-exemption (CEx) scenarios, respectively.

contrast, themost affected sector is theother fossil fuels. Note in particular that introducing the

exemption doesnot signiÞcantly change theeffect on this industry, suggesting that this effect

comes mainly from the reduction in theenergy demand present in both exemption scenarios.

Other variableswemight be interested in areconsidered on Table2.1. For example, Column 1

in Table2.1 presentschanges in capitalÕs rent, wherewecan see that the relativepricedecreases

as the tax rateof the tax increases. Thiseffect seems to come from thecomplementary relation

between capital and energy indicated, reßected in the low substitution elasticity suggested by the

parametersused for theMEG4C model. Column (2) presents the total Þscal revenues from the

government. Themodel indicates that it increases as the tax rate increases at amarginal

decreasing rate, wheregainsmainly come from the introduced carbon tax. Column (3) presents
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Figure2.6: GDP at Basic Pricesby Sector in the5comm Model - No-Exemption Vs.
Coal-Exemption

Notes: Graphic made by the author, with results from the 5comm model. Each component of the GDP is measured
as the percentage change with respect to its corresponding value in the baseline scenario. Solid lines and dashed lines
correspond to theno-exemption and thecoal-exemption (CEx) scenarios, respectively.

theconsumer price index, using householdsÕbaselineconsumption as the referencebasket. We

can see that both exemption scenariosareassociated with an increasing price index, given the

introduction of the tax and itseffectson prices. Asa result of this, thecoal exemption slows the

increase in theCPI. Columns (4) and (5) explore theconsequences for theconsumer. Weanalyze

theutility as there is only one representativeconsumer in this starting model. Meanwhile, column

(5) estimates thecompensating variation associated with thecorresponding tax rate. Asexpected,

the introduction of the tax is associated with positivecompensation, or, equivalently, a reduction

in thehouseholdsÕutility. Thiscan beadirect consequenceof themodel not considering some

revenue-recycling mechanism.
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Table2.1: Other Variables - No-exemption Vs. Coal-Exemption

(
(1) (2) (3) (4) (5)

Capital Rent Fiscal
Revenue

CPI Hh Utility Compens.
Variation

No-exemption scenar io
0.0 1.0 157,266.95 100.00 1.0 0.00
0.25 0.9995 157,585.64 100.16 0.9996 200.86
0.5 0.999 157,891.10 100.31 0.9992 393.84
0.75 0.9985 158,185.27 100.47 0.9989 580.03
1.0 0.998 158,469.61 100.63 0.9985 760.20
1.25 0.9975 158,745.28 100.78 0.9981 935.00
1.5 0.9969 159,013.24 100.93 0.9978 1,104.95
1.75 0.9964 159,274.24 101.09 0.9975 1,270.47
2.0 0.9959 159,528.94 101.24 0.9972 1,431.95
2.25 0.9954 159,777.89 101.40 0.9968 1,589.70
2.5 0.9949 160,021.55 101.55 0.9965 1,743.99
2.75 0.9943 160,260.33 101.70 0.9962 1,895.06
3.0 0.9938 160,494.59 101.85 0.9959 2,043.12
Coal-exemption scenar io
0.0 1.0 157,266.95 100.00 1.0 0.00
0.25 0.9995 157,494.62 100.15 0.9998 120.14
0.5 0.999 157,713.72 100.30 0.9995 236.57
0.75 0.9985 157,925.50 100.44 0.9993 349.75
1.0 0.998 158,130.88 100.59 0.999 460.03
1.25 0.9975 158,330.60 100.74 0.9988 567.65
1.5 0.9971 158,525.25 100.88 0.9986 672.85
1.75 0.9966 158,715.32 101.02 0.9984 775.80
2.0 0.9961 158,901.21 101.17 0.9982 876.67
2.25 0.9956 159,083.27 101.31 0.998 975.59
2.5 0.9952 159,261.80 101.45 0.9978 1,072.68
2.75 0.9947 159,437.06 101.60 0.9976 1,168.05
3.0 0.9942 159,609.27 101.74 0.9974 1,261.80

Notes: (1) # correspond to the proportion of the base price p0 used for the corresponding scenario. (2) Hh: House-

hold; Compens.: Compensating. (3) The results presented correspond to the 18comm model. (4) Capital rent in

column 1 corresponds to the relative prices of capital units in the economy. (5) Fiscal revenues in column 2 cor-

responds to the sum of revenues coming from indirect and direct taxes. (6) Column 3 presents the consumer price

index (CPI), built based on householdsÕconsumption basket on thebaseline. (7) Column 4 presents theutility level

for the representativehousehold in theeconomy, normalized to one in thebaselinescenario. Column 5 corresponds

to thecompensating variation of the representativehousehold.
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2.5.2 TheCostsof theCoal Exemption

Previous sectionsgiveaprimer of the taxÕsmain economic and environmental consequences.

Wesee that the two models (18comm and 5comm) properly show what theory and previous

modelshaveshown regarding emissionsand production. However, our main interest is

understanding and quantifying thecoal exemptionÕseffects. Thissection intends to providea

quantitativespeciÞcation of thedifferencesbetween the two exemption scenarios. In particular,

weproposed three indicators. First, weestimate thecoal exemptionÕseffect in termsof

prevented-reductions, or not-reduced, emissions. Second, weexplore thecostson efÞciency by

calculating thecost per reduced emissions. Finally, wequantify thecoal exemption in termsof

the implicit subsidy on thepriceof coal.

As discussed in theprevioussubsection, thecoal-exemption scenario is related to a reduction

in emissionsslower than theobserved in theno-exemption case. TheÞrst indicator (I 1) measures

thenot-reduced emissionsas thedifferencebetween total emissions in thecoal-exemption

(Emissions(CEx, ( )) and theno-exemption scenarios (Emissions(N Ex, ( )), as aproportion

of thebaseline total emissions, for adifferent set of carbon taxÕs rates. That is,

I 1(( ) =
Emissions(CEx, ( ) # Emissions(N Ex, ( )

Emissions(N Ex, ( = 0)
$ 100 (2.17)

Therefore, this indicator quantiÞes theenvironmental costsof the tax as thevertical distance

between the total emissions in Figure2.4. The results for I 1 areshown in Figure2.7.

As expected, thevalueof not-reduced emissions ispositive for every valueconsidered of the

carbon tax rate. In particular, themodel suggests that at the full introductory rate, theexemption

is responsible for not reducing around 1,838 thousand metric tons in ayear, which corresponds to

2.01% of thebaselineÕs total fossil fuel emissions. Even under a low social cost of carbon of 20

USD, thesenot-reduced emissionscorrespond to around 35 million USD, while thedifference

between GDPbp between theexemption scenarios for the total rate is less than two million

USD.12 Furthermore, themodel suggests that the loss reduction caused by thecoal exemption

12 20 USD per ton of carbon is the lower limit for the global social cost of carbon (SSC) scenarios for standard
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Figure2.7: Indicator 1 - Not-Reduced EmissionsCaused by the Implementation of the
Coal-Exemption

Notes: Graphic made by the author, with results from the 18comm model. Formula for I 1 described in Equa-
tion 2.17.

increaseswith the tax rate. Therefore, given that since2017 the taxÕs ratehasbeen increasing

annually, weexpect the loss reduction to havebecomehigher too.

Thesecond indicator (I 2) considers theefÞciency of the reduction by calculating the

proportion of thecost per reduced emission in each exemption scenario. For agiven tax rate

(( áp0) and exemption scenario (s), thepriceof reduced emissions is calculated as the ratio

between thechange in GDPbp and thechange in emissions, with respect to thebaseline

(! GDPbp(s, ( ) and ! Emissions(s, ( ) respectively). Therefore,

I 2(( |( += 0) =
! GDPbp(CEx, ( )/ ! Emissions(CEx, ( )
! GDPbp(N Ex, ( )/ ! Emissions(N Ex, ( )

, (2.18)

model parameters on the DICE model (Nordhaus, 2017). Even when limiting our calculations to the Latin America
regional costs, estimated at 6% of theglobal SSC by Nordhaus (2017), thebeneÞtswill beover theGDP losses.
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where

! GDPbp(s, ( ) = GDPbp(s, ( ) # GDPbp(s, ( = 0), (2.19)

and

! Emissions(s, ( ) = Emissions(s, ( ) # Emissions(s, ( = 0), (2.20)

with s ( { N Ex, CEx} . Therefore, avalueof I 2 greater than onewill imply that theexemption is

associated with morecostly emission reductions for thegiven rate.

Results for the I 2 indicator areshown in Figure2.8. Wecan see that the indicator isaboveone

for every tax rate, suggesting that thecoal exemption madeeach reduced emission morecostly. In

particular, for theentire2016 tax rate, themodel suggests that thecoal exemption made the

mitigation 1.38 timesmoreexpensive. That is, theexemption isnot only generating lower

reductions, as stated by our Þrst indicator, but also each ton of CO2 reduction is moreexpensive.

Assuggested by Bohringer and Rutherford (1997), this results from anarrowed tax base,

increasing theeconomyÕsdead-weight loss.

TheÞnal indicator measures thecoalÕs relativepricechangeunder thecoal-exemption

scenario. Introducing the tax only on aset of fossil fuelswould havecreated changes in the

relativeprices, making thosewithout the tax cheaper. This is the result of adisplacement of the

production factors. In this case, wedeÞneour third indicator (I 3) as thechange in the relative

priceof coal, with respect to thebaselinevalue, that is

I 3(( ) =
pr I nd(d = Coal, CEx, ( ) # pr I nd(d = Coal, CEx, ( = 0)

pr I nd(d = Coal, CEx, ( = 0)
$ 100, (2.21)

wherepr I nd(d, s, ( ) it isaweighted averageof theÞnal consumer priceand the intermediate

price for fuel d, under theexemption scenario s, and the tax rate ( áp0. This is thesameprice

index weuseback in Figure2.2, wherewecan see theprice index for the three fossil fuels in the

18comm model under thenon-exemption scenario (s = N Ex). Therefore, wecan see that the I 3

indicator will bepositive if measured based on thisscenario. The results for the indicator are
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Figure2.8: Indicator 2 - Cost per Unit of Emissions in theCoal Exemption Scenario asa
Proportion of theCost in No-Exemption Scenario

Notes: Graphic made by the author, with results from the 18comm model. Formula for I 2 described in Equa-
tion 2.18.

presented in Figure2.9. Asexpected, thecoal exemption reduces the relativepriceof coal, our

Óimplicit subsidyÓ. In particular, themodelÕs results suggest that, under the introductory carbon

tax rate, theexemption was equivalent to asubsidy of 0.39% in thecoal price.

The resultsof the threeproposed indicators provide thesamemessage: thecoal exemption is

not ideal. Theproposed model allows us to quantify theeffect of the tax by joining aneoclassic

model with our better estimatesof critical behavioral parameterson theeconomyÕsbehavior.

Based on these results, wecan see that theexemption caused lower and morecostly reductions in

emissionsand wasequivalent to asubsidy of 0.39% in thedirtiest of the fossil fuels. In thenext

section, wewill discusssomesensitivity analysisof these results.
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Figure2.9: Indicator 3 - Implicit Subsidy on Coal under theCoal-Exemption Scenario

Notes: Graphic made by the author, with results from the 18comm model. Formula for I 3 described in Equa-
tion 2.21.

2.5.3 Sensitivity Analysis

A straightforward Þrst sensitivity analysis comes from using the5comm model and seeing

how the resultsand estimations for theproposed indicatorschangeby avariation of thenumber of

commoditiesconsidered in themodel speciÞcation. Figure2.10 presents the resultsover the three

indicators for both models. Figure2.10b only summarizes the results from theprevious

subsection (Figures2.7 through 2.9). In contrast, Figure2.10aprovides thevalues for the three

proposed indicators in theÞvecommodities model. Wecan seesmall changes in theestimations,

and overall, themain conclusions remain thesame. Fewer commodities in theeconomy should be

related to higher costsof substitutions. Therefore, weshould expect indicatorssuch as I 1 and I 2

to behigher in the5comm model, and I 3 smaller (i.e., ahigher implicit subsidy). Thisseems
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evident for I 2 so that under the full 2016 rate, thepriceper unit of reduced-emission under the

coal exemption passes from 138 to 181 percent of thepricewithout theexemption. There is also

an increase in I 1, although this ismoremodest. Finally, asexpected, the implicit subsidy is

estimated to behigher, passing from 0.38 to 0.76 percent when changing from the18comm to the

5comm model.

A more interesting set of sensitivity analyses comes from changes in thevalueof critical

parameters in themodel. CGE modelsareuseful for allowing us to understand and visualize

which parametersareat theheart of theobserved resultsover the forecasting abilitiesof the

model. Based on theanalysis from theprevioussections, weconcentrate thesensitivity testing on

threeparameters: (1) thesubstitutability between fuels in theeconomyÕsproduction functions, (2)

thesubstitution between capital and energy in production, and (3) coalÕs transformation parameter

from domestic supply to exports. Therearemultipleways that thesesensitivity testshavebeen

performed in theCGE literature. In this case, weanalyze thevalueof the three indicatorsunder

the total starting rate (i.e., ( = 1) for different parameter values. In this case, the rank of values

hasbeen deÞned so that values that havebeen used in previousversionsof Colombian models, as

reported in TablesB.4 and B.5, are included. That is, all valueswe includehavebeen at least

considered in previousmodels for Colombia.

Thedegreeof substitution between energy sources in theproduction functions iscrucial in

determining theenvironmental and economic costsof thecoal exemption in theeconomy. This

substitution isdeÞned by theelasticity parameters ! E
X i . High substitution levelsshould be

associated with lower economic costs, as it becomeseasier to changebetween energy sources as

the tax affects the relativechanges. But it can also comewith high environmental costs, as

passing to coal becomesmoremanageablewhen it isexempted. Figure2.11 presents the results

of the three indicators for different values for theseelasticities. In themodel, theseparameters

wereset to 0.25. In theÞgure, wevary theelasticity from 0.15 to 2.05, keeping it equal between

sectors, based on the review of previousmodels (seeTableB.5).
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Figure2.10: 5comm Vs18comm model - Indicators1 through 3

(a) 5comm model

(b) 18comm model

Notes: Graphic made by the author, with results from the 5comm (Figure 2.10a) and the 18comm (Figure 2.10b)
models.
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Figure2.11: Sensitivity Analysis to Energy Substitution Parameter ! E
X i - Indicators1 through 3

Notes: Graphic made by the author, with results from the 18comm model. Results for " E
X i equal to 1.45 and 1.65

are not shown as the optimization algorithm did not achieve convergence. Results for indicators I 1 and I 2 are
described by the left y-axis, while indicator I 3 should be interpreted with the right y-axis. The18comm model uses
" E

X i = 0.25 in the resultsdiscussed above.

Starting with theÞrst indicator, prevented reduction asapercentageof thebaseline, the results

suggest that lossemissions increasewith higher substitution. In this case, restrictions on non-coal

fossil fuels transform moreconsistently into increases in coal consumption, resulting in higher

emissions levels. Thechanges in thesecond indicator suggest that the inefÞcienciesof thecoal

exemption becomehigher as thesubstitution increases. The reductions in thecost per emission in

theno-exemption scenario mainly explain thisbehavior, as the loss in GDPbp becomes smaller so

that after ! E
X i = 1.45 themodel suggests that there is anet increase in production and I 2 becomes

undeÞnable.13 Finally, regarding the third indicator, an increase isassociated with adecrease in

13 Note that I 2 is still estimable, becoming negative. However, in terms of interpretation, the cost per reduced
emission becomes inÞnitely costly compared to theno-exemption scenario.
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the implicit subsidy. Although still negative, the implicit subsidy varies from 0.41 to 0.04 percent

in thedeÞned interval for theelasticity, again due to producersbeing able to accommodate to the

tax as theelasticity increases.

Thesecond parameter weevaluatecorresponds to thecapital and energy substitution elasticity

in theproduction function. This corresponds to themodel parameters ! K E
X i , which was set to 0.1

in theabove results. In this case, wevary theparameter from 0.1 to 0.8.14 Again, higher values

for theelasticity of themodel suggest moreoptions for substitution, so weshould expect the

indicators to show lower mitigation costs.

The results for this sensitivity analysis arepresented in Figure2.12. TheÞrst thing to notice is

that not only do weÞnd thesamequalitative results, but also thevariationscaused by changes in

theelasticity valuearesigniÞcantly smaller than in thecaseof theenergy substitution parameter

(i.e., ! E
X i ). Just for comparison, theaverageelasticity of the indicators to changes in thevalueof

theenergy substitution parameters (on Figure2.11) are0.79, 2.44, and 1.56 for indicatorsone

through three, respectively. In contrast, for thecaseof ! K E , they are0.11, 0.02, and 0.16. Starting

with the I 1 indicator, changes in thecapital-energy elasticity parameter causemodest changeson

the indicator, varying from 2.01 to 2.4 percent. As theelasticity increases, and under aÞxed

capital endowment, energy goodsare lessdemanded in both scenarios. However, thedecrease in

energy and emissions ismoresubstantial in theno-exemption scenario, resulting in abigger

emissionsgap between scenariosand, therefore, ahigher indicator. In thecaseof I 2, the indicator

variesonly from 1.38 to 1.32. Again, wesee that the indicatorsareover one, suggesting that the

reduced emissionsunder thecoal exemption remain morecostly, but in general, theredo not seem

to besigniÞcant changes to theestimateweget on our main results. Finally, the third indicator

varies from -0.38 to -0.3 percent, suggesting that the implicit subsidy is reduced. As higher

elasticitieswill allow moresubstitution between factors, there is lessmovement of factors to other

sectorsas the tax is introduced. Nevertheless, wecan see that thevariation remains law, and the
14 Note that previous models have considered values outside this interval, starting even from zero. Nevertheless,

becauseof thecomputational tolerance, 0.1 is the lowest valuewecan go to before thecalibration of theCESfunction
becomesundeÞned.
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estimatewould not changesigniÞcantly under plausiblealternativescenarios.

Figure2.12: Sensitivity Analysis to Capital-Energy Substitution Parameter ! K E
X i - Indicators1

through 3

Notes: Graphic made by the author, with results from the 18comm model. Results for indicators I 1 and I 2 are
described by the left y-axis, while indicator I 3 should be interpreted with the right y-axis. The18comm model uses
" K E

X i = 0.1 in the resultsdiscussed above.

The third and last parameter weconsider is theproducersÕtransformation parametersbetween

exportsand domestic supply for thecoal sector (! E x
Coal ). Asdiscussed in the tax effect section, the

tax design incentivizeschanges from domestic use to exports, resulting in lower costsascoal

producers could turn up to the international market when the tax covers them. Thisattribute

would have favored someof our indicators, as it would reduce theeconomic costs of the

no-exemption scenarios. ThemodelÕs elasticity wasset to 3.5, but based on TableB.4, weexplore

theconsequences of varying it from 2 to 4.

Resultsarepresented in Figure2.13. Again, wesee thesamequalitative results and smaller

variations in the indicators than those in theenergy substitution elasticity analysis. In this case,
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the indicatorsÕaverageelasticity to changes in theparameterÕsvalueare0.01, 0.08, and 0.25 for

indicatorsone through three, respectively. There isno signiÞcant effect on theÞrst indicator,

suggesting that changes in theparameters do not changesigniÞcantly the relative importanceof

the fossil fuels in theproduction function. In contrast to what we think, parameter changesarenot

associated with decreased economic costs. Although exportsare increasing, production is also

decreasing as theadditional foreign currency is also lowering thecostsof imports, lowering the

internal demand. Thiseffect iseven higher in theno-exemption scenario (whereexportschange

more), resulting in a reduction in thegap of cost per emission between scenariosand a lower

value for thesecond indicator. Finally, the third indicator (I 3) also hasminor changes, but as the

higher elasticity implied more forms for theproducer to adapt to the tax, thesubsidy reduces.

Figure2.13: Sensitivity Analysis to CoalÕsExport Transformation Parameter ! E x
Coal - Indicators1

through 3

Notes: Graphic made by the author, with results from the 18comm model. Results for indicators I 1 and I 2 are
described by the left y-axis, while indicator I 3 should be interpreted with the right y-axis. The18comm model uses
" E x

C oal = 3.5 in the resultsdiscussed above.
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Theresultsof thissection aresummarized by Table2.2. Theproposed model suggests that the

coal exemption is responsible for preventing the reduction of theequivalent of 1,838 thousand

metric tons of CO2eq. As thismodel keepsproduction factorsconstant through simulation, this

could be interpreted as aplausiblemeasureof theeffect after theÞrst year the tax was

implemented, suggesting an immediate lossof almost 35 million USD, when using aconservative

social cost of carbon (US$ 20/tCO2eq). Furthermore, our results indicate that theexemption has

also made the reduction morecostly. In particular, we found that thecost per reduced emissions

in thescenarioswith thecoal exemption is 1.38 times that observed without theexemption. We

found that thisexemption, at the initial rate, is equivalent to asubsidy on coal of 0.39%.

Table2.2: ResultsMain SpeciÞcation and Sensitivity Analysis

Indicators
(1) (2) (3) (4) (5)

Main spec.
18comm

Sens. ! E
X i Sens. ! K E

X i Sens. ! E x
Coal 5comm

model
I 1: Prevented
reductions in emissions

2.011 [1.35,11.06] [2.01,2.4] [2.01,2.01] 2.026

I 2: Costsper reduced
emissions

1.376 [1.22,, ] [1.32,1.38] [1.36,1.44] 1.793

I 3: Implicit subsidy on
coal

-0.385 [-0.41,-0.04] [-0.38,-0.3] [-0.44,-0.37] -0.755

Notes: (1) spec.: speciÞcation, sens.: sensitivity. (2) Indicator 1 (I 1) measures the reductions in emissions

prevented by introducing thecoal exemption, measured asapercentageof total emissions in thebaseline. Indicator

2 (I 2) measures thecost per reduced emissionsunder thecoal exemption asaproportion of thecost without the

exemption. Indicator 3 (I 3) measures thechange in thecoal consumersÕpriceunder thecoal exemption, measured

asapercentageof thebaselineprice. (3) The tablepresents the results for estimating the threeproposed indicators

under different model speciÞcations. (4) Column 1 presents the result when using theexogenousparameters

speciÞed in TableB.4 and TableB.5. (5) Columns2 through 4 present the resulting intervalsof each estimator

when variating theparameters " E
X i , " K E

X i and " E x
X i . (6) Column 5 presents the resultsusing the5comm model,

parametrized asspeciÞed in theappendix, subsection B.9. (7) 5comm: Fivecommoditiesmodel, 18comm:

Eighteen commoditiesmodel.

Our sensitivity analysisallows us to see that theseestimations are relatively constant under

other reasonablespeciÞcations for critical behavioral parametersof themodel. Columns (2) to (4)

from Table2.2 show the interval of our three indicators for reasonablevaluesof critical

93



parametersof themodel, asconsidered in previousmodels for Colombia. Results for the

indicatorson thesubstitution between energy and capital on production (! K E ) and the

transformation between domestic supply and exports for thecoal sector (! E x
Coal ) suggest small

changeson the results. Even when we found morevariability, such aswhen wevary the

substitution parameter of theenergy goods, wesee that our estimation under the18comm model

liesusually closer to the lower valuesof the intervalssuggested by thesensitivity analysis (see

column (2) of theTable2.2). Even when wechange thenumber of commodities in themodel,

such as when weuse the5comm model (seecolumn (5) of Table2.2), weÞnd that our estimates

areconservative.

These results areconsistent with thoseof Bohringer and Rutherford (1997). However, their

model and results can only partially becompared with ours. First, they includea recycling

revenuescheme that would eventually increaseeven more thecostsof theexemptions, as they

make theno-exemption casecheaper. Second, they evaluate theexemptionÕs cost, emphasizing

the labor market. Third, they were interested in sectorial exemptions. Nevertheless, thequalitative

resultsaresimilar. In particular, they found that thesamereduction in emissionswould havebeen

achieved with a lower rate in theno-exemption scenario, which should beequivalent to what we

saw with our Þrst indicator on non-reduced emissions.

2.6 Conclusions

Thispaper implementsaCGE model to analyzeand quantify theeconomic and environmental

costsof aparticular exemption in theColombian carbon tax, exempting coal from the tax from

2017 to 2024. Wemeasure the impact of theexemption using threedifferent indicators. All of

them point to thesameconclusion: thecoal exemption is inefÞcient, reducing theemissions that

could havebeen achieved, making each reduced emission morecostly, and behaving equivalently

to subsidies on coal production. Our conclusions in terms of the inefÞciency behind these

exemptionsareconsistent with previous literature. Still, to thebest of our knowledge, this is the

Þrst time that thecostsarequantiÞed for an existing carbon policy.
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As suggested in the introduction, thispaper was motivated by thenecessity of understanding

theconsequences of thecoal exemption when interpreting present and futureex-post evaluation

of theColombian tax design. For theevaluation of Gomez-Mahecha (2023a) on emissions, in

particular, the tax exemption is responsible for lower reductions in emissions. If the lack of

statistical signiÞcance in their results comes from an effect below theminimum detectableeffect

of thedesign, theexemption on coal might bea reasonableexplanation. Nevertheless, wedo not

Þnd that theexemption could increaseemissionsunder reasonablebehavioral parameters.

BeforeÞnishing, wemust highlight somecritical limitationsof thepaper. In particular, we

havespecially considered threeof them. First, although CGE isaversatile tool, therehasbeen

signiÞcant discussion about theempirical validity of thesemodels. Although weexplore the

consequencesof using different values for someof theexogenous parameters, all of them

considered by previousmodels for Colombia, parametersare rarely estimated for each particular

case, and even when they are, they rely on econometric models that can not simultaneously

consider all the theoretical restrictions from theequilibrium framework (Arndt et al., 2002; Go

et al., 2016). For thesemodels to work as an empirical tool for measuring exemptionsÕexplicit

and implicit costs, theparametersmust bechosen based on how they allow themodel to Þt

real-world data.

Second, wecannot answer whether an exemption is justiÞed, as weneed to pay attention to

thedistributional justiÞcations for exemptions. The theory supports the lower level of efÞciency

we identiÞed in thecoal exemption. However, nothing will guarantee that thedistributional

consequencesof thepolicy, such as aprogressiveeffect on thepopulation, will besatisÞed under

theno-exemption design. Nevertheless, wewill need amodel to capture this component to

evaluate theseconsiderations.

Finally, ashighlighted by Bohringer and Rutherford (1997) and Hoel (1996), exemptionsare

not always inefÞcient. In ascenario concerned with theworldwide level of emissions, and where

somebut not all of thecountrieshavecarbon pricing schemes, it might beoptimal to have

differentiated ratesbased on thesectorÕscarbon intensity. Thiscan not becaptured aswearenot
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modeling the leakage theColombian tax might create. For example, the increase in exports that

alleviates the tax cost in our model ignores that theexported coal will also beeventually burned

and their corresponding pollutants liberated. Theseand othersareconcerns that should be

considered in futurework.
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Chapter I I I . TheEffectsof ContemporaneousAir Pollution on COVID-19 Morbidity and

Mortality  

3.1 Introduction

The2019 novel Coronavirushasclaimed millionsof livesglobally. The total number of

conÞrmed Coronaviruscases is in theorder of hundredsof millions. Theglobal economy suffered

substantially aswell. Policymakersaround theworld faced difÞcult trade-offs between public

health and economic performance, especially in theearly phaseof thepandemic, asmany policies

to curb thespread of thediseaseentail important consequences for theeconomy. Weconsider one

element of this trade-off: contemporaneous air pollution exposure, with aspeciÞc focus on Þne

particulatematter. Fineparticulatematter, or PM 2.5, refers to airborneparticleswith diameter of

2.5 micrometers or less. When inhaled, theseparticlescan travel deep into the respiratory system

and havebeen linked to awide rangeof adversehealth outcomes (Currieet al., 2014). WhilePM

2.5 wasassociated with COVID-19 outcomesvery early in thepandemicÕsdevelopment (seeWu

et al., 2020), to thebest of our knowledgevery littleaction hasbeen taken to address

contemporaneousair pollution exposure in possibly helping to alleviatesevereCOVID-19

illnesses, with theexception perhapsof stringent trafÞc restrictions in Chinaduring theearly

phasesof thepandemic, asdescribed further in Chen et al. (2020). Onepotential explanation is

thewealth of correlational Þndingsand relativedearth of causal evidence, especially at theoutset

of thepandemic (seeCox and Popken, 2020 for adiscussion).

Hence, thispaper aims to contribute to our understanding of thecontemporaneouseffectsof

air pollution on respiratory illnesses, with thegoal of informing policy in response to

respiratory-related pandemics, in theUnited Statesand other countries. To thisend, weuse

plausibly random daily changes in wind direction for thecontiguousUnited Statesover theperiod

from January 22 to August 15, 2020, to predict local Þneparticulatematter concentrations,

  Thischapter replicatesan articledone in collaboration with Dr. WesAustin, Dr. Stefano Carattini, and Dr.
Michael Pesko. It waspublished in theJournal of Environmental Economicsand Management (Austin et al., 2023).
Thearticle is replicated in thisdissertation in agreement with thepublication contract and thecopyright policy of
Elsevier Inc.
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providing quasi-experimental evidenceof theeffect of PM 2.5 exposureon COVID-19 outcomes.

We leveragean established identiÞcation strategy that pre-dates theCOVID-19 pandemic

(Luechinger, 2014; Deryuginaet al., 2019; Anderson, 2020). In our preferred high dimensional

Þxed effects speciÞcation with weather, local policy, and social distancing controls from Unacast

cell phonedata, weshow that aoneµg/ m3 increase in PM 2.5 increases thesame-day number of

conÞrmed casesby 1.8% from themean case incidence in acounty, whereconÞrmed casesare

likely to beameasure for severecases given that many individuals infected with COVID-19 do

not show symptoms (Day, 2020; Gandhi et al., 2020; Persico and Johnson, 2021). In the

three-day period following aperturbation in air quality, the relationship between Þneparticulate

matter exposureand cases is over twiceas large, at 0.35 additional casesper 100,000 individuals.

Meanwhile, aoneµg/ m3 increase in PM 2.5 increases thesame-day mortality rateby 4% from

themean, or between 0.009 and 0.012 additional deathsper 100,000 individuals in acounty. Our

study also Þnds that contemporaneousexposure to PM 2.5 increases COVID-19-related

hospitalizationsand theuseof intensivecareunits, suggesting that air pollution increases the

severity of illnesses. These resultsare in linewith agrowing literature in economics linking air

pollution exposurewith respiratory issues, and which stresses the immediacy of such a

relationship (Ransom and Pope III, 1995; Beatty and Shimshack, 2011; Ward, 2015; Schlenker

and Walker, 2016; Janset al., 2018; Deryuginaet al., 2019; Anderson, 2020; seealso Currieet al.,

2014 for ageneral review of the literature). Our Þndingsarealso consistent with the recent

COVID-19-speciÞc medical literaturesuggesting arole for air pollution in modulating COVID-19

illness severity. In particular, local air pollution, and especially PM 2.5, may contribute to the

severity of an infectiousdiseasesuch asCOVID-19 by debilitating thecardiovascular and

immunesystems (Ackermann et al., 2020; Miyashitaet al., 2020; Prunicki et al., 2021).

Our paper contributes to several strandsof literature. To start, it complements research by two

concurrent papers that also apply causal inference techniques to add to our understanding of the

relationship between local air pollution and COVID-19 outcomes. Our paper, Persico and

Johnson (2021), and Isphording and Pestel (2021) all conclude that contemporaneousexposure to
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local air pollution worsensCOVID-19 outcomes. Our studies, however, havesomedistinct

features. Our studyÕsapplication of thesame identiÞcation strategy asDeryuginaet al. (2019) to a

wider rangeof COVID-19 outcomes isunique, including not just casesand deathsbut also

hospitalizations, intensivecareunit use, ventilator use, viral tests, and positivity rates. For these

analyses, we leverageboth daily state-level records aswell as restricted individual-level case

surveillance information from theCenters for DiseaseControl and Prevention (CDC). Weassess

theseCOVID-19 outcomes in thecontext of theUnited States, the largest economy in theworld

and thenation with themost recorded COVID-19 casesand deathsover our sampleperiod and

overall. Persico and Johnson (2021) also study thecontext of theUnited States, but focus on

increased pollution from industrial facilities reporting to theToxic Release Inventory (TRI). TRI

facilitiesemit avariety of harmful pollutants into air and other environmental media, including no

less than 770 toxic substances that causecancer or acutehuman health effects (seeEPA, 2021 for

a full list of TRI chemicals). Further, populationsnear TRI facilitiesmay bemorevulnerable to

theeffects of pollution than other communities, in part due to past exposure to TRI emissions.

Hence, despite the rather widespread presenceof TRI facilities in theUnited States, estimates in

Persico and Johnson (2021) apply to different pollutantsand underlying populations than our

nationwidestudy. Assuch, Persico and Johnson (2021) tend to Þnd astronger relationship

between pollution and COVID-19 outcomes than wedo. In contrast, Isphording and Pestel (2021)

apply an empirical approach that resemblesours, using plausibly exogenouschanges in wind as

an instrument for PM 10 as themain pollutant of interest. However, their focus ison Germany, a

highly developed country like theUnited States, but onewith possibly different institutional

factors, public health policy during theCOVID-19 pandemic, cultural preferences for compliance

with regulation, and demand for environmental protection. In particular, case incidenceper

100,000 individuals in Germany was less than onequarter theÞgure for theUnited Statesover

our respectivesampleperiods (1.7 compared to 7.9), and death incidencewassimilarly close to

onehalf theUS Þgure (0.09 to 0.2). Yet, wenotewith interest that our estimatesarevery well

aligned with those in Isphording and Pestel (2021), potentially speaking to theexternal validity of
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our two studies.

These threestudies, together, set thebasis for what wehopemay bean emerging literature

applying causal inference techniques to examine the relationship between air pollution and

COVID-19 outcomes and, along with Clay et al. (2018) and Graff Zivin and Neidell (2009),

outcomes from viral infectionsat large. Thisstrand of literaturecomplements theepidemiological

literature, generally correlational in nature, which is led by Wu et al. (2020). With respect to Wu

et al. (2020) and theother epidemiological studies (such asBhaskar et al., 2020; Wang et al.,

2020; Bourdrel et al., 2021), our approach isdifferent in at least threedimensions. First, weuse

plausibleexogenousvariation to address potential endogeneity issues. Second, we focuson

current exposure to particulatematter. Thecontemporaneous dimension is crucial because

policymakershave theability to inßuencecurrent pollution levelsand individual avoidance

behavior, but haveno control over past exposure to air pollution. Third, weexplore theunderlying

mechanisms linking pollution exposure to COVID-19 outcomes, such asanalyses of

hospitalizations, intensivecareunit use, and mechanical ventilation.

Further, our study contributes to agrowing literatureshowing detrimental effects of air

pollution on awide rangeof outcomes. For empirical reasons, such literature initially considered

mostly early-lifeoutcomessuch as infant mortality (e.g., Chay and Greenstone, 2003; Chay et al.,

2003; Currieand Neidell, 2005; Knittel et al., 2016) and birth weight (e.g., Currieand Walker,

2011), but it hasexpanded substantially over the last decade to adult outcomessuch as emergency

room visits, hospitalizations, and adult mortality (e.g. Schlenker and Walker, 2016; Jans et al.,

2018; Deryuginaet al., 2019; Simeonovaet al., 2019), dementia (e.g., Bishop et al., 2018),

contemporaneousand long-run education outcomes (e.g., Sanders, 2012; Ebenstein et al., 2016),

and other measuresof productivity (e.g., Heet al., 2019). Our study isespecially relevant to this

body of work regarding adult mortality, adding additional evidence that COVID-19 cases,

hospitalizations, useof intensivecareunits, and mortality respond to local air pollution. Further,

it adds to thegrowing body of work illustrating theshort-term effect of pollution on health

outcomes, including the relationship between daysof exposure to pollution and mortality (e.g.,
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Arceo et al., 2016; Simeonovaet al., 2019; Deryuginaet al., 2019; Anderson, 2020). Overall, we

contribute to the literatureon pollution and health by showing that air pollution, and in particular

PM 2.5, playsan important role in themanagement of deadly infectious diseasessuch as

COVID-19, and that theseeffectsemergevery rapidly.

Finally, our study contributes to an emerging literatureon theeconomicsof theCOVID-19

pandemic, aimed at identifying thebest policy responses to thisemergency (seeBrodeur et al.,

2020 for a review). Assuch, our Þndingshave important policy implications, which thepaper

discusses in detail. Such policy implicationsapply both to pandemic and non-pandemic times.

From thecontemporaneous relationship between PM 2.5 and COVID-19 morbidity and mortality,

it follows that keeping pollution at low levels may havean immediatepayoff in reducing severe

cases and deaths during apandemic. Policymakershaveawide rangeof short- and long-term

policy leversavailable to reach this goal, asdiscussed in Section 3.6.

The remainder of thepaper isorganized as follows. Section 3.2 providessome information

about thecontext of our study and the related literature. Section 3.3 describesour data. Section

3.4 introducesour empirical methods, highlighting how our identiÞcation strategy isdesigned to

overcomeendogeneity of pollution exposureand measurement error. Section 3.5 presents our

primary results for conÞrmed casesand deaths. Wealso includean extensivebattery of sensitivity

tests, analysisof potential mechanisms, and discussion of heterogeneous treatment effects in

subsections3.5.3, 3.5.4, and 3.5.5. Section 3.6 illustratesour main policy implications. Section

3.7 concludesand suggestsavenues for future research.

3.2 Background

In this section, wecover thecontext of theCOVID-19 pandemic and then refer to the

literaturepreceding theemergenceof COVID-19 that relatesair pollution and health, with a

particular focuson respiratory illnesses and fatalities. The literature review provides thebasis for

themain relationship that westudy in thispaper and guides theanalyses that weperform to shed

more light on themechanismsbehind such relationship.
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3.2.1 Epidemiological and Medical Context

The2019 novel coronavirusemerged asacluster of pneumonia-like infections in Wuhan,

China. Theearliest studiesof the illnessdocumented symptom presentation in a relatively limited

set of hospitalized individuals (see, for example, Chen et al., 2020). While theearliest studies

necessarily focused on themost severe illnesses resulting in hospitalization, they nevertheless

demonstrated aset of common symptomsaswell as risk factors for mortality. Themost common

symptomswere fever, cough, and shortness of breath. Moreserious respiratory symptomswere

observed in somepatients, with Chen et al. (2020) observing bilateral lung damageassociated

with pneumonia in 75% of patients, Òground-glassÓopacities in computerized tomography (CT)

scansof lung tissue in 14% of patients, and acollapsed lung in onepatient. In another early study

of 191 hospitalized patients, fever and cough wereagain identiÞed as themost common

symptoms, with respiratory failureand acute respiratory distress syndrome(ARDS) occurring in

98% and 93% of 54 non-surviving patients (Zhou et al., 2020). Non-surviving patientsoften

exhibited rapid progression of lung lesions in CT scans, again emphasizing theprominenceof

lung damage in theprogression of severecases (Wang et al., 2021).

By May of 2020, abroader set of characteristicsof severe illnesswere identiÞed and validated

through meta-analysis (Huang et al., 2020) or by aggregating case information acrosshundredsof

hospitals in China. For example, Guan et al. (2020) conÞrmed prior Þndings that themost

common symptomsamong hospitalized patientswere fever (88%), cough (67%), fatigue (38%),

sputum production (34%), and shortnessof breath (19%). Thesamestudy also summarized

frequency of abnormal chest CT scans, with 86% of chest CTsshowing someabnormality,

including ground-glass opacity (56%) and patchy shadowing in both lungs (52%). In theUS

context, Vahey et al. (2021) found that ahigher proportion of hospitalized individuals reported

cough (83%), fatigue (90%), and shortness of breath (72%). In ameta-analysis of Þvestudies

with combined 5,328 patients, Huang et al. (2020) showed that theclinical presentations most

commonly associated with severe illness included shortnessof breath, acutecardiac injury, acute

respiratory distress syndrome, and acutekidney injury, demonstrating that multipleorgan systems
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could beaffected. A related meta-analysisalso found that shortnessof breath aswell as

hemoptysis (i.e., coughing up blood) wasassociated with moresevere illness (Heet al., 2021).

Other research highlighted theco-morbidities or pre-existing characteristics most associated with

severediseaseprogression such ashypertension, heart disease, diabetes, and chronic obstructive

pulmonary disease (Lv and Lv, 2021; Khodeir et al., 2021). Despite thebroader systemic impacts

and vulnerabilities, lung injury remained ahallmark of severecasesand focal point of research,

with studies such asRendeiro et al. (2021) detailing acuteCOVID-19 lung injury at thecellular

level in humans. Collectively, this literatureprovidesstrong evidence that COVID-19 affects the

respiratory system and that respiratory distress isassociated with severe illnessand mortality.

Building on thisearly work, epidemiological studiesdocumented awider array of symptoms

associated with COVID-19. In particular, these include lossof tasteand smell in nearly 40% of

patients (Hannum et al., 2022), apotentially lethal inßammatory response that aggravatesacute

respiratory distress syndromeknown asacytokinestorm (Ragab et al., 2020), neurological

symptomssuch as brain fog, amnesia, and stroke (Tsai et al., 2021), as well as lingering

symptomsof COVID-19 occurring in asmany as87% of patients, with such symptoms referred

to asPost COVID-19 Syndromeor Òlong COVIDÓ(Mahase, 2020). Themost common symptoms

of Post COVID-19 syndromeare fatigueand cognitive impairment, which in a third of cases lasts

over 12 weeks (Ceban et al., 2022). Research also shed more light on theclinical progression of

the illness. For example, Wang et al. (2020) show that themedian incubation period from

exposure to symptom onset was7 days, with a typical rangeof 4-12 days, notably Þnding that

onset of symptomscould takeplaceup to two weeksafter the initial infection. More recent

meta-analysishasshown ashorter incubation period of 5 days for theoriginal COVID-19 strain

and increasingly shorter incubation periods for Deltaand Omicron strainsof 4.4 and 3.2 days,

respectively (Wu et al., 2022). In addition, lung injury may occur beforesymptom onset and

beforehospitalization (Wang et al., 2021), although lung scarring or Þbrosiswas typically

observed threeweeksafter theonset of symptoms (Polak et al., 2020). Meta-analysesalso

demonstrate that time in hospital can vary signiÞcantly acrosspatients, with median hospital stay
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duration across42 studies ranging from 5 to 29 days (Reeset al., 2020). Finally, in onestudy of

New York City hospitalizationsat thestart of thepandemic, time from hospitalization to mortality

wasamedian 9 days (interquartile rangeof 5-15 days), although mortality wasobserved up to 30

daysafter admission (Cummingset al., 2020). As for time from symptom onset to mortality, Lu

and Reis (2021) leverageGooglesearch data to show that COVID-19 symptom search spikes

preceded mortality increasesby 22 dayson average. In general, studies show awide range in

timelines from symptom onset to hospitalization and from severe illness to mortality.

Overall, theepidemiological literatureprovidesastrong basis for our investigation of the

contemporaneous impacts of air pollution on COVID-19 morbidity and mortality. It also provides

a justiÞcation for investigating health impactsup to two weeksafter apollution shock, in our case

driven by changes in wind direction according to our identiÞcation strategy.

3.2.2 Relationship with Local Air Pollution

A large literaturehasaimed at establishing theeffect of local air pollution on human health,

including potential impacts to human capital accumulation, productivity, violent and criminal

behavior, as well asearnings (seeCurrieet al., 2014 for a review of theÞrst decadesof this

literatureand Aguilar-Gomez et al., 2022 for amore recent review focused on productivity and

cognitiveabilities).

Part of this literature focuseson contemporaneous impacts of local air pollution on respiratory

conditions, which areespecially relevant for our study on COVID-19 outcomes. Several studies

establish acausal relationship between contemporaneous local air pollution and respiratory

conditions, most likely starting with Ransom and Pope III (1995), who leverage the temporary

closureof asteel mill in Utah to show that steel production increases hospital admissions related

to respiratory conditions. Beatty and Shimshack (2011) focus on theparticulatematter and toxic

substances released by diesel-powered school buses, Þnding that a retroÞt program to reducebus

emissions led to a largedecline in bronchitis, asthma, and pneumonia incidence for both children

and adultswith chronic respiratory conditions. Ward (2015) analyzes the roleof particulate
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matter in theCanadian provinceof Ontario in driving respiratory hospitalizationsamong children,

making thecase that particulatematter ismostly imported from theUnited Statesand thus

exogenous to local conditions. Schlenker and Walker (2016) exploit thedelays that East Coast

airportsmay create to ßights in California, which lead to increased taxiing and thushigher local

air pollution in California, to identify a relationship between thepollution from taxiing and

hospital visitsdue to asthmaand other respiratory issues. Jans et al. (2018) exploit plausibly

exogenous changes in local air pollution driven by thermal inversions to study the relationship

between pollution and health carevisits for Swedish children. TheauthorsÞnd aconsiderable

impact of pollution on healthcarevisits, aswell ason parentsÕwork absences for careof sick

children, disproportionately affecting low-incomehouseholds that tend to haveworsebaseline

health conditions. Deryuginaet al. (2019), using the identiÞcation strategy that weborrow for our

empirical approach, assess the impact of Þneparticulatematter on healthcareuse, inpatient

spending, and mortality from any medical reason in theUnited Statesusing Medicaredata.

Deryuginaet al. (2019) Þnd important effectsof Þneparticulatematter on all theseoutcomes,

concluding that Þneparticulatematter causes substantial costs to society. Simeonovaet al. (2019)

assess thechange in local air pollution, including particulatematter, following the implementation

of theStockholm congestion chargeand Þnd adecline in acuteasthmaattacks in young children.

Anderson (2020) examines long-run exposure to particulatematter, exploiting plausibly

exogenous variation in pollution levelsalong major highwaysaround LosAngelesasdriven by

wind patterns. Anderson (2020) Þnd that more timespent downwind of amajor highway leads to

considerably higher mortality. Collectively, thesestudiesprovideconsistent evidenceof acausal

relationship between exposure to air pollution, and in particular particulatematter, and respiratory

conditions.

A potential role for local air pollution in severeacute respiratory syndromeswas Þrst

suggested yearsbefore theCOVID-19 pandemic, following previousoutbreakssuch asSARS in

2002-2004 and MERS in 2012. For instance, Cui et al. (2003) compareSARS mortality across

geographical areasof Chinaand point to acorrelation between polluted areasand higher
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mortality. A similar correlation is found over time in Beijing by Kan et al. (2005). However, to

our knowledge, minimal causal evidencesupported such apotential relationship before the

emergenceof literatureon COVID-19, thus the importanceof research on thecausal relationship

between local air pollution and COVID-19 outcomes. Wenote two potential exceptions, though.

A recent study by Clay et al. (2018) usescoal-Þred capacity for electricity generation asaproxy

for local air pollution to investigate the link between the latter and mortality during the1918

Spanish inßuenzapandemic. A related study by Graff Zivin et al. (2020) leverageschanges in

wind direction to assess theeffect of PM 2.5 on inßuenza-related hospitalizations. They Þnd an

effect in theorder of 35% extrahospitalizationsattributable to theßu per standard deviation

increase in theAir Quality Index (AQI). However, ßu shots, whoseeffectiveness varies from

season to season for largely random reasons, can considerably mitigatesuch relationship.

Together, thesestudiesand ourscontribute to an emerging strand of literaturecausally assessing

the impact of local air pollution on infectious diseases.

Regarding thepotential mechanismsat play, local air pollution, and in particular PM 2.5, may

make individualsmorevulnerable to airbornediseasessuch asCOVID-19 by affecting their

cardiovascular and immunesystems, thus potentially leading to amoreproblematic clinical

course. Themedical literatureprovidessupporting evidence. Prunicki et al. (2021) show that

local air pollution and PM 2.5 exposure lead to cardiovascular dysregulation, immunesystem

alterationssuch asmethylation of immunoregulatory genes, altered immunecell proÞles, and

increased blood pressure, which areall relevant to COVID-19 prognosis. Related evidenceshows

that smoking may increase the risk of respiratory infections, such asCOVID-19, where

(second-hand) smokeand pollution sharesimilar properties in how they affect thehuman body

(Guan et al., 2020; Smith et al., 2020). Onemeta-analysisof COVID-19 patients found that

nearly one third of individuals with smoking history experienced progression to moresevere

conditions including death, whileonly 17% of non-smokers experienced thesame(Patanavanich

and Glantz, 2020). Based on Þndings from smoking, where increased angiotensin-converting

enzyme2 (ACE2) expression is found in lower airway cells in activesmokers, Miyashitaet al.
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(2020) hypothesize that thesamemechanism may beat play for particulatematter. The

interaction between ACE2 and thespikeprotein of thenovel coronavirus iskey to cell infection in

theCOVID-19 pandemic, asACE2 represents the receptor for thenovel coronavirus in human

respiratory epithelial cells. Asa result, ACE2 expression hasbeen studied in vitro, with

particulatematter collected along aheavily trafÞcked road in Central London. Miyashitaet al.

(2020) conÞrm that particulatematter leads to signiÞcantly higher ACE2 expression. A second

channel may connect PM 2.5 and COVID-19 outcomes. Several studiessuggest apotential

relationship between increased presenceof Þneparticulatematter in theair and theairborne

transmission of COVID-19 viaattachment to theseparticles (Setti et al., 2020; Zhang et al.,

2020). However, littleevidenceexists in support of this second channel, despite thewidespread

attention that it has received by both themediaand academic circles (Ishmatov, 2022), thusour

limited coverage.

As mentioned in the introduction, our study isnot theonly one to identify acausal

relationship between local air pollution and COVID-19 casesand deaths. Two concurrent studies,

by Isphording and Pestel (2021) and Persico and Johnson (2021), also provideevidencesimilar to

ours. Persico and Johnson (2021) exploit the temporary lifting of monitoring and compliance

requirementsat TRI facilities, which led to increased emissionsof avariety of pollutants.

Isphording and Pestel (2021) usean empirical approach based on regional wind direction that

resemblesour methods. However, the threestudiesdiffer in their focusand, asa result, may differ

aswell in themagnitudeof theeffects that they Þnd. Persico and Johnson (2021), for example,

Þnd that countieswith moreTRI sitesexperienced 14% moredeaths and 53% morecasesafter

EPA rollback of enforcement rules. Given that thisenvironmental deregulation only led to a0.7

unit increase in PM 2.5 on average, theseeffectsaremuch larger than our estimates. SinceTRI

sites releasemany hazardousair pollutantsother than Þneparticulatematter, it seems reasonable

that themagnitudeof theestimates in Persico and Johnson (2021) would be larger than those that

weobserve, asanticipated in Section 3.1 and asdescribed in detail in the following sections.

Further, populationsexposed to pollution from TRI sitesmay bemorevulnerable for diverse
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reasons, including past exposure to themany harmful pollutants released at thosesites. As for

Isphording and Pestel (2021), they focuson adifferent country, Germany. WhileGermany and

theUnited Statessharecomparable levelsof development, they differ in important dimensions

related to thegovernmental approach to theCOVID-19 pandemic, social normsand compliance

with regulations, including related to COVID-19, aswell asenvironmental preferences. Results in

Isphording and Pestel (2021) arealso not directly comparable to ours because their outcomes are

disaggregated by agegroup, and the independent variable isPM 10 instead of PM 2.5. Despite

theunderlying differences, it is interesting to note that theestimated relationshipsarevery similar

in magnitude. For example, Isphording and Pestel (2021) Þnd that aone-unit increase in PM 10

increasesdeath incidenceof femalesaged 60 and 79 by 0.01 per 100,000, which isalmost

identical to our population-level estimate, asdescribed in detail in the following sections. For

males aged 60 and 79, theÞgure in Isphording and Pestel (2021) isa larger 0.04 per 100,000,

although again thisÞgure is not directly comparable to our population-level effects. For cases,

Isphording and Pestel (2021) Þnd that an additional unit of PM 10 leads to between 0.2 and 0.45

morecasesper 100,000 population depending on theagegroup considered, which is larger but

roughly similar to our primary estimatesdespite thedifferent case incidencesobserved in

Germany and theUnited States. Effect sizeswith respect to casesmay be larger in Isphording and

Pestel (2021) due to moreaccurateand standardized case reporting in Germany, in accordance

with thecountryÕs Infection Protection Act, asdescribed in their paper. Alternatively, theuseof

PM 10 instead of PM 2.5 could account for slightly different effect sizes. Overall, thesimilarity

of our results, which weÞnd very reasonablegiven thecommon empirical approach, may also

speak in favor of theexternal validity of our resultsand thoseof Isphording and Pestel (2021).

Further, when incorporating individual case records from theCenters for DiseaseControl and

Prevention (CDC), which havemoreaccuratecasedetection datesasdescribed in Section 3.3, our

resultsare indeed even moresimilar to thoseof Isphording and Pestel (2021).

Wecan also compareour Þndings to theepidemiological literature, correlational in nature,

which mostly relieson past exposure to PM 2.5 rather than contemporaneousexposure. While the
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epidemiological literaturehasexpanded very quickly (see the reviews in Bhaskar et al., 2020;

Wang et al., 2020; Bourdrel et al., 2021), themain reference remainsasmentioned theearly study

by Wu et al. (2020). Thestudy providescorrelational evidenceof a relationship between past

pollution exposureand COVID-19 outcomes, whilecautioning against any causal interpretation

of such Þndings. Wu et al. (2020) Þnd that an additional unit of past Þneparticulateexposure is

associated with an 8% increase in COVID-19 mortality, which is twiceas largeas our estimated

contemporaneous relationship.

3.3 Data

Thispaper usesdaily information on outcomes related to theCOVID-19 pandemic, air

quality, wind, weather, and social distancing behavior at thecounty level from January 22 to

August 15, 2020. Wealso incorporatedataon stateand county policiesadopted to curb thespread

of thevirusand individual mask-wearing behavior as measured by survey responses. Our sample

is limited to thecontiguousUnited Statesand countieswith an EPA air quality monitoring station.

In the following sections, wedescribedatasourcesand construction of theanalytic panel.

Supplemental sourcesof information are listed in Appendix C.3.

3.3.1 Measuring Severity of theCOVID-19 Pandemic

In what follows, wepresent our COVID-19 outcomes. WeÞrst describeall relevant data

sources. Second, wediscuss standard cleaning procedures. Weconcludewith discussion of the

main summary statistics.

Wesourcedaily COVID-19 mortality and caseload information from the2019 Novel

Coronavirus DataRepository by theJohnsHopkins University Center for SystemsScienceand

Engineering (CSSE).1 TheCSSE COVID-19 DataRepository wasdeveloped for researchers,

public health authorities, and thegeneral public to track the latest information on theCOVID-19

outbreak from all available local sources. Thisonline repository hasarguably become the

1 See Dong et al. (2020) for more information on the 2019 Novel Coronavirus COVID-19 (2019-nCoV) Data
Repository by JohnsHopkinsCSSE. Seehere. Last accessed: February 10, 2021.
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standard sourceof data for casesand deaths in thegrowing COVID-19 literature. The repository

trackscumulativecounty caseand mortality Þguresposted on stateand county health department

websitessinceJanuary 22, 2020. Theunderlying stateand county health department websitesare

generally surveillanceand tracking dashboards, updated daily, designed to apprise thepublic on

thespread of COVID-19. Cases and death totals therefore reßect themost-timely information

available from testing centers, careproviders, and other institutions required to report to a local

public health regulatory body. For each date in thesample, thecumulativeCOVID-19

information ispulled from thestatewebsiteat 12:50 a.m. themorning after the recorded date. As

such, the timestamp of thesevariables is thecumulativeÞgureastateor county had posted on its

websiteshortly after theend of any given day.2 Due to imperfect information on the lag between

symptom onset and caseor death reporting as well as thepossibility of lagged clinical impacts

from recent pollution exposure, wealso assess the relationship between contemporaneous

exposure to PM 2.5 and outcomesover 3-day, 7-day, 10-day, and 14-day periods.

Acknowledging that ßuctuations in reported COVID-19 cases and deaths may arise through

several distinct mechanisms, wealso usedaily information collected by theCOVID-19 Tracking

Project on hospitalizations, intensivecareunit admissions, ventilator use, and viral tests

administered.3 TheTracking Project datawasdeveloped by acrowd-sourced team of volunteers

who manually entered, checked, and double-checked over 870 dataelements from statepublic

health websites each day between 5:30 p.m. and 7:00 p.m. Eastern Standard Time. Thereare two

shortcomings of theCOVID-19 Tracking Project data. First, unlike thedata from theCSSE

COVID-19 DataRepository, all variables in theTracking Project areat thestate level. Second,

certain information, such asventilator useor intensivecareunit admission, isnot reported in all

states. We investigate the relationship between air pollution exposureand theseoutcomesover

3-day and 7-day timehorizons.

2 We note that there may be unobservable variation across and within states in the exact timing of case and death
reporting. While these data are generally the most timely available, there are likely lags between when a health
outcomeoccurred and when it becameknown to thestatedepartment of health or posted to theonlinetracking system.
Someof thesereporting delaysarecorrected ex post by statehealth departments to reßect moreaccurate time-stamps;
weneverthelessexploresensitivity of our results to temporal alignment in Section 3.5.3 of thepaper.

3 Seehere. Last accessed: July 7, 2021.
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In addition to theCOVID-19 Tracking Project, weobtained theCOVID-19 CaseSurveillance

Restricted Access Detailed Datapublished by theCDC.4 Thesurveillancedata ispatient-level

case information collected by hospitals, healthcareproviders, and laboratoriesand reported to

statepublic health authorities. Thesepublic health authorities then submit standardized case

reporting forms to theCDC via theNational NotiÞableDiseasesSurveillanceSystem (NNDSS).5

For each case, thesurveillancedata includes information about thepatient such as demographic

characteristics, county of residence, and presenceof co-morbidities. It also indicates illness

characteristicssuch as timeof casedetection and diseaseseverity, which isdocumented in terms

of both symptom presentation and clinical course through, for example, hospitalization and

mortality. TheCDC datapresent two limitations for our purposes. First, while thedateof case

onset is known, thedatado not provide information on the timing of hospitalization, admission to

intensivecareunit, ventilator use, and mortality. Second, detailed patient-level information is

availableonly when thehealthcarepractitioner or laboratory collected it as part of their testing

and questionnaireprotocol. Assuch, case reports frequently do not includecomplete information

on demographics, symptoms, or clinical course. Variables relating to clinical course, in particular,

are reported asunknown or aremissing in ahigh proportion of cases. For example, 55% of

mortality, 41% of hospitalization, 92% of mechanical ventilation, and 91% of ICU entry

indicatorsaremissing. Because thesemissing outcomescould represent cases that resulted in

mortality or other severeoutcomes, wedo not assign zeros to thesemissing outcomes. The

uncertainty in timing of theseclinical outcomes, paired with thehigh frequency of missing

information, led usnot to use thesedata for our primary regressions, which instead rely on the

JohnsHopkinsand COVID-19 Tracking Project data.

Weperform straightforward datacleaning procedureson theseCOVID-19 outcomes. First, we

convert JohnsHopkinscumulativecaseand death Þgures into daily totalsof new cases or deaths

by subtracting the reported total on agiven day by the reported total theprior day in thesame

4 Seehere. Last accessed: May 16, 2022.
5 A templatecasereporting form can beviewed here: https://www.cdc.gov/coronavirus/2019-ncov/downloads/pui-

form.pdf. Last accessed: May 16, 2022.
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county. Next, to ensurecomparability acrosscounties, we transform thesecount variables to

incidence ratesper 100,000 individuals.6 Wealso generatevariables for the incidenceof new

cases and deaths per 100,000 population over 3-day, 7-day, 10-day, and 14-day periods following

day t. For dataelements in theCOVID-19 Tracking Project, weuse raw variables for thenumber

of individualscurrently hospitalized, in an intensivecareunit, or on aventilator for astate. We

also generate3-day and 7-day totalsof thesevariables, similar to our construction of caseand

death incidencevariablesover longer timehorizons.7 Wealso use theCovid-19 Tracking

ProjectÕspreferred total tests variable, which reßects thedaily state increase in viral tests. This

measuredoesnot count new antigen or antibody tests. Wecalculate thepositivity rateas the

increase in new positiveviral testsdivided by the increase in total testsat thestate level.8 Wealso

calculate thepositivity rateover 3-day and 7-day periodsby summing thepositive tests and total

testsover all days in the timehorizon and computing thepercent of tests that arepositive from the

totals.

Summary statisticsof theJohnsHopkinsCSSE and COVID-19 Tracking Project arepresented

in theÞrst and third panel of Table3.1, whileCDC casesurveillancedescriptivestatistics are in

Table3.2. Descriptivestatisticsof additional patient-level characteristicsarepresented in

TableC.2. FigureC.1 and FigureC.2 present thedevelopment of new casesor deathsacross the

United States over thesampleperiod. TheÞrst of theseÞgures represents thepattern of new

conÞrmed casesover thecourseof theoutbreak in our sampleÕs time frame, illustrating the late

March and Junewaves of contagion in theUnited States. FigureC.2 represents thegeographic

spread of thedisease in each month of theoutbreak. In this Þgure, wedepict the total monthly

rateof new cases per 100,000 peopleat thecounty level from February (FigureC.2(a)) to July

(FigureC.2(f)).9 Our data reßects thewell-known pattern of contagion across theUnited States,

6 Wecalculate incidence for county i on day t asRateof Outcomei t = C oun t of Out com ei t " 100,000
C oun t y P opu l at i on i

.
7 We note that these variables reßect patient-day totals rather than unique patient admissions, as patients can be

hospitalized or be in an intensivecareunit for multipledays.
8 See https://covidtracking.com/about-data/data-deÞnitions for more information on these data elements. Last ac-

cessed: July 7, 2021.
9 In termsof weekssincetheÞrst non-travelÐrelated COVID-19 case, FigureC.2 panel (a) representsthenew cases

during the Þrst week of the outbreak, panel (b) new cases during weeks 2 to 5, (c) weeks 4 to 10, and (f) weeks 18 to
22.
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Table3.1: Summary Statistics

Mean S.E. Min Max
County-level COVID-19 Casesand Deaths
Daily case incidenceper 100k people 7.875 16.202 0.000 674.427
Daily count of new cases 39.771 153.047 0.000 7198.000
Daily death incidenceper 100k people 0.216 0.871 0.000 62.826
Daily count of new deaths 1.314 9.780 0.000 1553.000
County-level air pollution
PM 2.5 6.640 4.231 0.000 116.967
Weighted PM 2.5 6.169 4.172 0.000 87.700
Air Quality Index 27.007 14.710 0.000 182.667
State-level COVID-19 Outcomes
Individualshospitalized on day t 1646.326 2486.516 1.000 18825
Individuals in ICU on day t 639.858 835.736 1.000 5225
Individualson ventilators on day t 207.997 283.617 0.000 2425
New COVID-19 viral test resultson day t 14745.724 23740.560 0.000 187926
Test positivity rateon day t 0.114 0.175 0.000 1
Observations 97,885
Counties 737

Notes: Reported statisticsareat thecounty-day level. Note that only observations in themain speciÞcation are

included.

Table3.2: CDC CaseSurveillanceDataSummary Statistics

Mean S.E. Min Max Obs
Cases reported with death of patient 0.077 0.266 0.000 1.000 2,421,282
Cases reported with hospitalization 0.169 0.375 0.000 1.000 2,952,214
Cases reported with mechanical
ventilator

0.044 0.206 0.000 1.000 442,456

Cases reported with entry to ICU 0.111 0.314 0.000 1.000 471,670

Notes: Reported statisticsareat the individual level. Observations included areonly thosewith non-missing clinical

outcomes. The total number of reported cases is5,109,250.

with increasing cases in theNortheast by March and then aspread to new hot spots in the

southern and western regionsby June.

3.3.2 Air Quality

Wesourceair quality measurements from theEPAÕsdaily outdoor air quality information,

AirNow.10 Theseair quality measurements includePM 2.5, PM 10, ozone, NO2, SO2, and the

10 Seehere. Last accessed: July 7, 2021.
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AQI. We focusour analysis on PM 2.5 becauseof thewell-known and wide-ranging

cardiovascular, lung-functioning, and mortality effectsassociated with exposure to this pollutant

(EPA, 2019). Whilewealso analyzehealth impactsof other pollutants in AirNow, such asozone,

unfortunately their sampling coverage is generally too limited to satisfy the identifying

assumptionsof our empirical speciÞcation, which wasconceived for theanalysisof PM 2.5.

Hence, wecan only control for ozonewhileaddressing the issue represented by missing

observations.

Fineparticulatematter, or PM 2.5, isacomplex mixtureof particleswith diameter of 2.5

micrometersor less, such asnitrates, sulfates, ammonium, and carbon. PM 2.5 found in agiven

areacan beeither produced locally or transported from other areas. According to theEPAÕs2017

National Emissions Inventory, acomprehensiveestimateof criteriaair pollutant emissions, the

primary sourcesof PM 2.5 in theUnited States includeÞres, agricultural dust, road-bornedust,

construction dust, wastedisposal, commercial cooking, fossil fuel combustion, and industrial

processes.11 Fineparticulatematter often servesasaproxy for air pollution morebroadly, but

unlikeheavier pollutants, thesmall sizeof PM 2.5 makes it particularly suitable for an

identiÞcation strategy relying on plausibly exogenouschanges in wind direction asan instrument.

Transported PM 2.5 is a largeshareof total PM 2.5 in agiven region because, unlikesomeother

hazardous air pollutants, PM 2.5 isoften transported over long distances (Meng et al., 2020).

Wind speed and direction can thereforegreatly inßuence thesource, concentration, and typeof

PM 2.5 exposure facing agiven community, even over relatively short windowsof time (Muller

and Mendelsohn, 2007; Deryuginaet al., 2019).

Air quality monitoring stations with PM 2.5 measurements from January to August 2020, and

their density by county, are represented in FigureC.3. Weaggregateair quality information to the

county-day level. In countieswith more than onemonitoring station, air quality data ispopulation

weighted by thenumber of individuals in censusblocks in a10 kilometer buffer around theair

quality monitor. Following Deryuginaet al. (2019), theEPAÕsair quality monitorsareclassiÞed

11 AuthorsÕcalculation using the2017 NEI data. For more information, seehere. Last accessed: July 7, 2021.
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into 100 clusters based on their location; theseclustersare represented in FigureC.4.12 Summary

statisticsarepresented in thesecond panel of Table3.1. FigureC.5 maps themean daily

concentration in each month across United Statescounties. Wealso show the trend in nationwide

Þneparticulatematter levelsand air quality index over thecourseof theperiod of study in

FigureC.6. Whilemediaportrayalssuggested widespread decreases in air pollution during early

phasesof theCOVID-19 pandemic, FigureC.6 shows relatively stableaveragePM 2.5 and AQI

levels acrossall monitors. Because the largest sources of PM 2.5 areÞresand dust, much of

which is likely unrelated to lockdown practices, weÞnd stablenationwidePM 2.5 levels to be

plausible. Indeed, Persico and Johnson (2021) Þnd that countieswith moreTRI sitessaw

increased PM 2.5 levelsduring theearly stagesof thepandemic, partly resulting from

COVID-related regulatory changes. Similar evidence isprovided in Bekbulat et al. (2020),

although wenote that theexperienceof citiesmight havebeen different, asdescribed in Berman

and Ebisu (2020) and Zhang et al. (2021). Wedevoteseveral analyses to theexamination of

heterogeneity within our sample for descriptivepurposes in Section 3.5.5.

3.3.3 Wind, Temperature, and Precipitation

We incorporatewind speed and direction information from theNational Oceanic and

Atmospheric AdministrationÕsdaily weather station data.13 FigureC.7 presents thespatial

distribution and density of the2,543 weather stations that record wind speed and direction in the

contiguous United States from January to August, 2020.14 Given the importanceof wind

ßuctuations for our identiÞcation strategy, it is worth describing how weconstruct wind direction

and speed variablesat thecounty-day level in further detail. First, weaggregatewind speed and

direction to thestation-day level. To thisend, wecompute thesimpleaverageof wind speed

12 The clustering of air quality monitors over large geographic regions is an important element of our instrumental
variables speciÞcation. This step ensures that identiÞcation of PM 2.5 relies on regionally transported PM 2.5 rather
than local generation. Wediscuss this step in moredetail in Section 3.4.

13 Seehere. Last accessed: February 27, 2021.
14 The data also include information on weather conditions such as precipitation and temperature, but we source

this information from elsewhere due to many missing values, as described below. We also limit the stations to the
contiguousUnited States, reducing the total number of stations from 2,820 to 2,543.
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(measured in milesper hour) for each station for each day. Then, sincewind direction is

measured in degrees, weaggregatedirection for each weather station to thedaily level following

the techniques laid out in Grange (2014).15 Wenext link wind information from thenearest four

weather stations to each air quality monitor, again following themethodsof Grange (2014), to

computean averagewind direction measurement, where thesedirectional componentsare further

weighted by their distance from theair quality monitors in acounty.16 Finally, wind direction is

re-coded in thesameway asDeryuginaet al. (2019) such that thedaily mean wind direction is

grouped into four categories (1- 90, 91- 180, 181- 270, and 271- 360). Wind speed, reported in

miles-per-hour, is re-coded into four dummy variables representing quartiles of thespeed

distribution.

Wesourceprecipitation and temperature information at thecounty-day level from the

Parameter-elevation Regressions on Independent SlopesModel (PRISM) created by thePRISM

ClimateGroup at Oregon StateUniversity.17 ThePRISM ClimateGroup collectsclimatic data

from many monitoring networks, cleans thedata, and then estimates geospatially preciseweather

variables for each gridded cell across theUnited States.18 Weaverageprecipitation and

temperaturevariablesover all gridded cellswithin acounty for each day. We then convert these

variables into Þve indicators for each quantileof thedaily minimum temperature, daily maximum

temperature, and averageprecipitation distribution. By construction, theseÞvequantile indicators

reßect equal portionsof thedistributed temperatureand precipitation variables from January to

15 Averaging wind direction requiresdecomposing wind direction into u and v directional vectors that areweighted
by the magnitude of the direction (i.e., wind speed for each measurement in a day). The u directional vector is
" windspeed #sin(2$ # wi n d di r ect i on

360 ). Thev directional vector is " windspeed #cos(2$ # wi n d di r ect i on
360 ). Wecan

then average u and v directional vectors for each station-day combination and compute daily average wind direction
asar ctan(u, v) # 360!

2 + 180.
16 To account for thefact that someweather stationsarecloser to an air quality monitor, theassigned wind direction

for EPA air quality monitor i at time t (D I Ri t ) is given by DI Ri t =

! 4

j = 1
wj D I R j t! 4

j = 1
wj

, where D I Rj t is a 2xn matrix

representing the scalar u and v wind direction components of the j t h nearest weather station at time t, and wj =
(di j )# 1 istheweight of thej t h monitor basedon thedistancebetween i and j (di j ). Theconventionof inverse-distance
weighting the four nearest weather stations is based on Deryugina et al. (2019), but we explore the sensitivity of our
results to thiswind direction-to-air quality assignment mechanism in Section 3.5.3 and morespeciÞcally TableC.12.

17 SeePRISM (2004) and also here for more information. Last accessed: July 7, 2021.
18 We use the R package ÔprismÕto download daily minimum and maximum temperature, as well as precipitation,

for each 800x800 meter gridded cell in the United States (Edmund et al., 2020). We make use of tmin, tmax, tmean,
and precip sum options in theÒprismÓR package.
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August of 2020. Summary statisticsof thewind and weather variablesare reported in TableC.1.

3.3.4 Social Distancing Metrics

Thedatacompany Unacast createssocial distancing recordsby county using cell phone

information (Unacast, 2020).19 Weuse three relevant variables created by Unacast: change to

averagedaily distance traveled from pre-COVID baseline, change to averagedaily visits to

non-essential locations from pre-COVID baseline, and change to averagedaily encounters per

squarekilometer from baseline. Change to averagedistance traveled isaz-scoredifference in

mean distance traveled for all cell phones in acounty from theaverage traveled distanceon the

sameweekday in apre-COVID period (March 8, 2021 or earlier). Thesecond indicator, change

to averagedaily visits, controls for essential movements by distinguishing between essential and

non-essential facilities.20 Aswith change to averagedistance traveled, changes to visitsare

reported asz-scores. Finally, the rateof encounterscapturesperson-to-person contact. Since

UnacastÕsunderlying cell phonedatado not identify if two peoplehavemet, they deÞne

person-to-person contact aseach time two usersarewithin 50 metersof each other for 60 minutes

or less. Thisvalue is then normalized by thecountiesÕarea (in squarekilometers) and compared

to anational baselinedeÞned as theaverageencounters for apre-outbreak period (February 10 to

March 8, 2021).21 In all regression speciÞcations, weuse theaverageof all daily values from the

previous2-week period ascontrol variables. Summary statisticsarepresented in TableC.1.

3.3.5 Local COVID-19 Policiesand Mask-Wearing Behavior

Stateand local policies responding to thepandemic likely played an important role in shaping

viral transmission ratesaswell ashealth outcomes (see, for example, Courtemancheet al., 2020).

Wecontrol for variation in local policies with information from two datasets. First, weuse the

19 Seehere. Last accessed: September 2, 2020.
20 Unacast categorized ÒessentialÓbased on statesÕguidelines. Essential locations includefacilities like food stores,

pet stores, and pharmacies, whilenon-essential facilities include restaurants, department and clothing stores, spasand
hair salons, among others. Seehere for moredetailson UnacastÕsmethodology. Last accessed: September 2, 2020.

21 For more detail on the indicatorÕs origin and the methodology followed by Unacast, see here. Last accessed:
September 2, 2020
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COVID-19 Government ResponseEvent Dataset (CoronaNet v1.0) viaSafegraph to account for

policy adoption of stategovernments (Cheng et al., 2020).22 Next, weuse theCOVID-19 State

and County Policy Orders Dataset provided by theUnited States Department of Health and

Human Services.23 This second sourceof local policy information includesall policies reported

in threeconstituent databases. TheÞrst constituent datasource is theCOVID-19 USStatePolicy

Database (Raifman et al., 2021). Thesecond set of dataelements consistsof all stay at home

orders available in WikiData. A Þnal set of local policies in theCOVID-19 Stateand County

Policy OrdersDataset wascurated speciÞcally for thisdatabaseby adedicated team of Virtual

Student Federal Service Interns. For each state, wecreate indicator variables equal to one if a

statepolicy hasstarted and has not yet ended. Weperform thesamewith county-level policies,

thereby generating aset of stateand county policiesat thedaily level. Wereport summary

statistics for the full list of policies in TableC.1.24

Finally, to test sensitivity of our results to geographical and temporal differences in

mask-wearing behavior, weusesurvey responses to theUnderstanding AmericaSurveyÕs

Understanding Coronavirus in America.25 Over our sample timehorizon, this survey asked 7,754

internet panel members detailed questionson their behavior with respect to thepandemic every

other week, including on whether thesurvey respondent woreamask. Thesurvey responsesare

thereforeat the individual survey-response level, wherestateof residence is themost detailed

geographic information availableper respondent. For each date in our sample, wecollapse these

survey responses to asimpleaverageof theyes or no responses for agiven stateover theprior

seven days. This information allows us to test whether, irrespectiveof local mask-wearing

mandatesand other policies, differential aversivebehaviorsmay inßuenceour results. Mask

22 Seehere. Last accessed: September 2, 2020.
23 Seehere. Last accessed: February 10, 2021.
24 The full list of state policies includes limiting mass gatherings, social distancing actions, stay at home or quar-

antine orders, school closures, testing initiatives, state border closures, public surface cleaning, curfews, information
campaigns, state of emergency declarations, administrative task forces, policies to provide greater access to personal
protective equipment, and other policies to increase access to healthcare resources (such as respirators). The full list
of county policies includes mask mandates, quarantines, and policies with respect to K-12 education, essential and
non-essential businesses, religiousestablishments, manufacturing establishments, and recreation activities.

25 Seehere. Last accessed: April 12, 2022.
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wearing reduces thespread of COVID-19 (Andrejko et al., 2022), but it could also protect from

air pollutants, including particulatematter (Zhang and Mu, 2018)

3.4 Methods

Our objective is to estimate thecausal relationship between short-term Þneparticulatematter

exposureand COVID-19 morbidity and mortality, as well aspotential channels leading to such

morbidity and mortality. However, pollution exposure is not randomly geographically assigned,

and so many confounding factorsmay correlatewith pollution exposureand COVID-19 outbreak

severity. Moreover, EPA-monitored air quality isan imperfect proxy for population exposure to

pollution due to thenon-random and sparseplacement of monitorswithin and acrosscounties

(seeGrainger and Schreiber, 2019). We therefore instrument for air pollution with local wind

direction, following themethodology introduced in Deryuginaet al. (2019). Whilepollution

exposuremay not be randomly assigned acrosscommunities, daily variation in wind direction

within acounty isplausibly random. Themethods in Deryuginaet al. (2019) further reduce

measurement error by identifying PM 2.5 changesonly from the regional impact of wind on PM

2.5. The regional effect of wind on PM 2.5 isconstructed by clustering air quality monitors into

100 regional groupsand employing air monitor cluster-speciÞc wind direction instruments.26 By

restricting thewind-induced impact on PM 2.5 to be the regional effect across clusters in many

counties, the inßuenceof any potentially-endogenous locally-generated Þneparticulatematter is

minimized.27

We instrument for air pollution with local wind direction, with theaim of identifying the

effect of acuteexposure to air pollution on our outcomesof interest, by employing the following

empirical speciÞcation. Let PM 2.5i swt represent theaveragePM 2.5 concentration in county i ,

states, week of theoutbreak w, and day t. yi swt is thehealth outcomeof interest; theseoutcomes

26 SeeFigureC.4 for amap of all air monitor clusters.
27 Deryugina et al. (2019) perform many robustness tests to conÞrm that this regional-based speciÞcation is not

identifying local generation of Þneparticulatematter. Theauthorsperform randomization testsacrossmonitorswithin
regional cluster, showing that the results are the same for all randomized sub-groups within cluster. See their Online
Appendix A, ÒSourceof Identifying Variation,Ófor adetailed discussion.
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include thedaily incidenceof conÞrmed COVID-19 casesper 100,000 population and the

incidenceof conÞrmed COVID-19 deathsper 100,000 population.28 Wealso explore thesame

caseand death outcomesover 3-day, 7-day, 10-day, and 14-day periods to account for possible

reporting lagsand delayed diseaseprogression. Consider the following two stage least squares

regression equation:

PM 2.5i swt =
"

g! G

2"

b= 0

' g
b1[Gi = g] - DI R90b

i t + X #* + &i + &sw + +i swt (3.1)

yi swt = , PM 2.5i swt + X #* + &i + &sw + )i swt

In Equation 3.1, DI R90b
i t represents threewind direction dummies indicating whether average

wind direction falls into oneof three90 quadrants for county i on day t. Thebsuperscript on

DI Ri t , as well as thesamesubscript on ' , refers to wind directions in theset { 0-90, 91-180,

181-270} , wherewind direction from angles271-360 is theomitted category. As in Deryugina

et al. (2019), variable1[Gi = g] isan indicator function asserting that county i belongs to air

quality monitor group g in theset of all air quality monitor clustersG. Our excluded instruments

are the full interaction of air quality monitoring clusterswith wind direction dummies. Intuitively,

the ' g
b coefÞcientscapturehow wind direction inßuences PM 2.5 levelsacrossa regional cluster

of air quality monitorsg.29 Aside from theexcluded instruments, Equation 3.1 includes the term

X for asuiteof time-varying controls for stateand county COVID-19 mitigation policies, day of

theweek, Þvecounty-level dummies for wind speed quantiles, Þvecounty indicators for each

minimum and maximum temperaturequantile, Þvecounty indicators for each precipitation

quantile, two lagged wind direction-by-monitor cluster interactions, and prior 2-week averages of

Unacast social distancing metrics based on cell phonedata. Unacast social distancing variables

are thechange in averagedistance traveled from county-level baseline, change in visits from

baseline, and change in the rateof human encountersper squarekilometer. We incorporate lagged

28 Each week of theoutbreak w isdeÞned asoneplusthenumber of weekssinceJanuary 19, 2020, which istheÞrst
week of reporting in theJohnsHopkinsData. Therefore, each weekly period ismeasured from Sunday to Saturday.

29 For example, agiven wind direction isallowed to inßuenceair pollution in theChesapeakeBay region differently
than the same wind direction in the San Francisco bay region. Moreover, each %g

b is common to all monitors within a
larger region, and so a few monitorsnear local sources in agiven county should not systematically identify each %g

b .
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2-week averages for thesevariables to control for behavior over the relevant incubatory period of

COVID-19.30 )i stw is a random error term clustered at thecounty level. ThecoefÞcient of interest

in Equation 3.1 is , , an estimateof the relationship between an additional µg/ m3 of PM 2.5 and

caseor death incidence from COVID-19. Wenote that , isan estimateof the local average

treatment effect of an additional unit of PM 2.5. Providing causal evidencebased on local average

treatment effects has implications for external validity. In particular, we infer from compliers,

individualswhoseCOVID-19 status isaffected by PM 2.5 and who would not haveadded to

COVID-19 caseloadsor deaths in acounterfactual scenario with lower PM 2.5. Whilenever

takersareunlikely, always takers represented by unhealthy individualsareplausible in thecontext

of COVID-19. Section 3.5.4 expandsour analysis to hospitalizations, useof intensivecareunits,

and useof ventilators, which aremore likely for vulnerable individuals. If the fraction of always

takers was large for theseoutcomevariables, onewould expect theeffect of PM 2.5 to bemuted.

Equation 3.1 incorporateshigh-dimensional county and state-by-week Þxed effects, &i and

&sw.31 TheseÞxed effects control for time-constant county heterogeneity and time-varying state

characteristics.32 Due to thenatureof thespread of acontagion, thestate-by-week Þxed effects

arebest suited for controlling for theevolving baseline infection rate in a local population,

endogenous responses to the infection rate, and theways in which underlying heterogeneity may

interact with thesedynamics. Intuitively, theseÞxed effectsallow us to ask how better or worse

air quality impacts theseverity of theCOVID-19 outbreak while taking aceterisparibusapproach

with respect to local characteristics, infection rate, and behaviors. For thepurposeof comparison,

30 Wenote that social distancing behavior over theprevious two-week period may potentially becorrelated with air
quality. We take this theoretical possibility seriously and test the sensitivity of our results to alternative speciÞcations
in which we alter the control variables in our model, as shown in Table C.7. We further discuss this potential issue in
Section 3.5.3.

31 Please refer to Correia (2016) for moredetails.
32 Theuseof state-by-week Þxed effects, or within-state-and-week comparisons, imply that wearenot investigating

how air quality affects the speed of transmission of the virus but rather how air quality affects the severity of illness
among already-infected individuals. ConÞrmed cases are expected to represent more severe cases, for which infected
individuals experience symptoms and seek testing (Day, 2020; Gandhi et al., 2020). We do not expect air pollution
to change the threshold of symptoms leading individuals to seek testing, but rather to increase the number of people
whose symptoms exceed such threshold. The often-lengthy incubation period, testing lags, and reporting lags mean
that our estimation procedure does not identify the speed of transmission. Section 3.5.4 further examines potential
transmission channels asdiscussed in the literatureand how they may relate to our empirical framework.
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wealso show resultswith metropolitan statistical area (MSA)-by-week or core-based statistical

area (CBSA)-by-week Þxed effects. CBSAsaregroupingsof counties anchored to oneor more

population centersof population greater than 10,000 individuals, whereasMSAsaregroupingsof

countiesaround population centerswith population greater than 50,000 individuals.33

In linewith Deryuginaet al. (2019), the identifying assumption is that, after ßexibly

controlling for theabove-mentioned variables, county-level variation in daily wind direction is

unrelated to variation in morbidity and mortality in thesamecounty, if not through variation in

primarily regionally-transported wind-dependent air pollution. Sincewecontrol for two lagged

wind instruments within air monitor cluster, the instrument ismoreover identiÞed only from

same-day changes from recent wind direction, which reduces the likelihood that wind direction in

general may be jointly correlated with COVID-19 outcomes and PM 2.5 concentrations.

Moreover, identiÞcation requires that our wind direction by monitor cluster instrumentsstrongly

predict local air pollution.34 Hence, thisempirical approach providesquasi-experimental

evidenceof theeffect of air pollution, instrumented by changes in wind direction, on health

outcomes, whileaddressing common issues identiÞed in the literaturesuch as measurement error

from varioussources.

3.5 Results

In this section, wepresent estimatesof the impact of PM 2.5 on avariety of COVID-19

outcomes, leveraging plausibly causal variation in air pollution asdescribed in Section 3.4. This

section isorganized as follows. First, weshow how thisharmful form of air pollution affects

COVID-19 case incidenceand then death incidenceat thecounty level. Next, weprovidea

33 In each of these alternative Þxed effect speciÞcations, counties that are not in an MSA or CBSA are assigned
state-by-week Þxed effects. For example, a county and MSA-by-week Þxed effects speciÞcation would make within-
MSA, within-week comparisons for MSAs, while rural regions would be compared to other non-MSA regions in the
same state and week. To avoid over-Þtting, any MSA or CBSA with only one county is assigned the state-by-week
Þxed effect. Analysesarealso provided wherewe focusonly on MSAs.

34 As in Deryugina et al. (2019), we report F-statistics computed by assuming that Þrst-stage errors are not serially
correlated. We have also computed the F-statistics assuming serially correlated Þrst-stage errors. As in Deryugina
et al. (2019), F-statisticscomputed assuming serially correlated errorsaresubstantially larger than thosewereport. In
either case, both computation methodsyield F-statisticsabove10 for our primary empirical speciÞcationson PM 2.5.
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battery of robustness tests and sensitivity analyses. Then, weexplore themechanismsunderlying

our caseand death incidence results, showing that our Þndingsprimarily result from worsening of

existing cases. Finally, weconduct heterogeneity analyses to providesuggestiveevidenceof the

types of countiesmost impacted by pollution with respect to COVID-19.

3.5.1 COVID-19 Cases

Contemporaneousexposure to air pollution may inßuence theseverity of illness, thereby

increasing thenumber of conÞrmed cases. Table3.3 shows our primary resultson conÞrmed

cases acrossa rangeof Þxed effectsspeciÞcations. In columns (1) through (3), weshow the

relationship between PM 2.5 and case incidenceper 100,000 individuals in acounty across

speciÞcationswith state-by-week, MSA-by-week, and CBSA-by-week Þxed effects. In column

(1), weÞnd that an increaseof oneµg/ m3 of Þneparticulatematter in acounty increases the

number of conÞrmed casesper 100,000 population by 0.15. This isa2% increase from themean

case incidenceper county on agiven day. In columns (2) and (3), weshow that this increase is

similar when adopting MSA-by-week or CBSA-by-week Þxed effects. WeÞnd similar yet larger

effects on case incidencewhen using restricted CDC casesurveillancedata, asshown in theÞrst

threecolumnsof TableC.3. These results, which are likely moreaccuratewith respect to timing

of caseconÞrmation, arebetween 0.24 and 0.27 per 100,000 population, or a2.4 to 2.7% increase

relative to mean case incidenceper additional unit of PM 2.5. Our resultson case incidenceare

comparable to thoseof Isphording and Pestel (2021), who Þnd that oneadditional unit of Þne

particulatematter averaged over three-day periods increased COVID-19 case incidence in

Germany by between 0.2 and 0.45 per 100,000 population depending on theagegroup

considered.

Wequantify themagnitudeof theseÞndings in threeways. First, these results imply that a

10% increase in PM 2.5 within acounty would lead to 0.09 or 1.2% greater case incidenceon the

sameday. Second, wecompareour results to the relevant standard deviation of PM 2.5. The

within-county standard deviation of averagedaily PM 2.5 over our sampleperiod is 3.6 µg/ m3.
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Table3.3: Wind and PM 2.5 IV - ConÞrmed COVID-19 Cases

(1) (2) (3)
Weighted PM 2.5 0.146** 0.128** 0.133**

(0.0684) (0.0647) (0.0659)

F Stat 14.28 14.89 15.13
Dep Var Mean 7.875 7.882 7.882
Pct ChangeMean 1.849 1.627 1.689
Controls ! ! !
County & State-by-Week FEs !
County and MSA-by-Week FEs !
County and CBSA-by-Week FEs !
Observations 97,885 97,783 97,740

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses.

Outcomesaredaily case incidenceper 100,000 population. Controls includestate-level and county-level policy

adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week social distancing

behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Displayed output of a

two-stage least squares regression model with county and state-by-week, MSA-by-week, or CBSA-by-week Þxed

effects in which wind direction and air quality monitor cluster interactionsareused to predict PM 2.5 levels in a

county on agiven day. F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsarenot

serially correlated.

Therefore, awind-induced shift in PM 2.5 of onestandard deviation would beexpected to

increasecases in any given county by at least 6.5% from themean. Third, weestimate the

approximatechangeover thesupport of wind-induced PM 2.5 shifts. We incorporate four

wind-direction dummies. Within any county, thewind direction associated with lowest PM 2.5

levels hasan averagePM 2.5 level of 4.9 µg/ m3; thesecond is5.9, third is6.9, and thehighest

wind direction isassociated with mean PM 2.5 level of 7.9 µg/ m3. Thesecategories illustrate that

any given county haswidevariation in PM 2.5 levelsassociated with wind direction, ranging an

averageof 3 µg/ m3 from lowest to highest wind direction-pollution combination. Therefore, any

given county would beexpected to seeat least 5.4% moreconÞrmed caseson theworst

wind-pollution combination days in comparison to thebest ones, or at least a1.8% increase in

conÞrmed cases from even aslight step up in PM 2.5 associated with amarginal change in wind

direction.

Estimates including thecompleteset of covariates arepresented in columns (1) to (3) of
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TableC.4. Thepoint estimates for thesecovariates should only be interpreted ascorrelational,

and so it isnot surprising to see that many policies, such as county quarantineand mask-wearing

mandates, areactually positively associated with case incidence. Thispattern seemsplausible if

the timing of somestateand local policy reßects a response to higher community infection rates.

On theother hand, somemeasuressuch asstatewideK-12 policies, creating an administrative

task force, and regulating religiousestablishments aregenerally negatively associated with new

case incidence. As for social distancing behavior, weÞnd that traveling lessdistanceaway from

homeover theprior two-week period is strongly negatively associated with case incidence, while

the rateof encounters over thepast two weeks ispositively associated with case incidence.

Further, weshow how air pollution impacts thenumber of casesover the following 3, 7, 10,

and 14 day periods in theÞrst panel of Table3.4. For concision, weshow only speciÞcationswith

county and state-by-week Þxed effects.35 In column (1), weseeour previous result that aone

µg/ m3 increase in PM 2.5 increases thecase incidenceby 0.15. Column (2) of the tablesuggests

that aoneunit increase in Þneparticulatematter in agiven county isexpected to increase the

number of casesper 100,000 population by 0.35 over the following three-day period. While this

effect in magnitude isover twiceas large, it isasmaller percent increase relative to themean

3-day combined case rateat 1.5%. Meanwhile, thesameoneunit increasewould beexpected to

increase thecase rateby 0.4 over aseven-day period, 0.65 over a ten-day period, and by 0.3 over

a two-week period. It seems reasonable that themagnitudeof theeffects would increaseover

longer timehorizons beforeplateauing, asagiven exposure to pollution may lead theseverity of

cases to increaseover several days, and testing or reporting lagsmay further delay the timeof

conÞrmation. Yet, our estimatesalso becomenoisier over longer timehorizons.

35 MSA-by-week and CBSA-by-week Þxed effectsspeciÞcationspoint to very similar patterns. Thecorresponding
estimatesarepresented in TableC.5 and TableC.6 in theAppendix.
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Table3.4: Wind and PM 2.5 IV ÐConÞrmed COVID-19 Casesand Deathsacross1, 3, 7, 10, and
14 Day Periods

(1) (2) (3) (4) (5)
Same-Day 3-Day Total 7-Day Total 10-Day Total 14-Day Total

Case Incidenceper 100,000
Weighted PM 2.5 0.146** 0.351** 0.393 0.656 0.316

(0.0684) (0.158) (0.332) (0.457) (0.579)

F Stat 14.28 14.28 14.28 14.28 14.28
Dep Var Mean 7.875 23.787 56.541 81.911 116.792
Pct ChangeMean 1.849 1.475 0.694 0.801 0.270
Controls ! ! ! ! !
County & State-by-
Week FEs

! ! ! ! !

Observations 97,885 97,885 97,885 97,885 97,885

Death Incidenceper 100,000
Weighted PM 2.5 0.00918 0.00785 0.0307** 0.0153 0.0141

(0.00571) (0.00874) (0.0139) (0.0168) (0.0212)

F Stat 14.28 14.28 14.28 14.28 14.28
Dep Var Mean 0.216 0.649 1.537 2.218 3.150
Pct ChangeMean 4.256 1.209 1.998 0.688 0.448
Controls ! ! ! ! !
County & State-by-
Week FEs

! ! ! ! !

Observations 97,885 97,885 97,885 97,885 97,885

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. Controls

includestate-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,

precipitation, prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor

cluster interactions. Displayed output of a two-stage least squares regression model with county and state-by-week

Þxed effects in which wind direction and air quality monitor cluster interactionsareused to predict PM 2.5 levels

in acounty on agiven day. Theoutcomes in column (1) aresame-day incidenceof casesor deaths. Outcomes in

column (2) are incidenceof casesor deathsover thesameday and the following two days. Outcomes in column (3)

aredeathsover thesameday and the following ninedays. Outcomes in column (4) are incidenceof casesor deaths

over thesameday and the following thirteen days. All regressionsusesame-day predicted Þneparticulatematter as

dependent variable. F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsarenot

serially correlated.
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3.5.2 COVID-19 Deaths

Table3.5 displayspoint estimates for the relationship between levels of Þneparticulatematter

and conÞrmed COVID-19 deaths. As in Table3.3, columns (1) through (3) display resultson

death incidenceper 100,000 individualsacross our threeprimary Þxed effects speciÞcations. The

point estimate in column (1) suggests that an additional unit of wind-induced PM 2.5 would raise

thesame-day death rate from COVID-19 by 0.009. ThiscoefÞcient is slightly larger and more

statistically precisewhen adopting MSA-by-week or CBSA-by-week Þxed effects in placeof the

state-by-week Þxed effects, asdisplayed in columns (2) and (3). These results suggest a4 - 6%

increase from themean daily death rateof 0.2 per 100,000 population in acounty.36 These results

aresimilar to those in Isphording and Pestel (2021), who Þnd that an average increaseof one

additional unit of PM 10 over a three-day period would increaseCOVID-19 death incidence in

Germany by 0.04 per 100,000 male individualsbetween 60 and 79, or by 0.01 for femalesof the

sameagegroup. This impact among patientsaged 60-79 isnot directly comparable to our

population-level estimates, although wenote that it is neverthelessvery similar to the impactswe

observe, especially for femalepatientsof thisdemographic group. To provideadditional context

for themagnitudeof our estimateswith respect to wind, our estimatessuggest that a10% increase

in mean PM 2.5 on agiven day would increasemortality incidence from COVID-19 by 0.006 -

0.007 per 100,000 population in acounty depending on theÞxed effectsspeciÞcation, or at

minimum a2.7% increase from themean daily incidence. Similarly, aonestandard deviation

increase in PM 2.5, or awithin-county shift of 4.2 µg/ m3, would lead to an increase in 0.04

deaths per 100,000 population, anearly 15% increase from themean death incidence. Lastly,

another way to interpret our resultswould suggest that wind shifting within acounty from the

dirtiest to thecleanest direction would lead to 13% moredeaths, or 0.03 individuals per 100,000

population.

Weperform thesameregression on mortality incidencederived from the restricted CDC case

36 Regression resultswith thecompleteset of covariatescan be found in TableC.4, columns (4) to (6).
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Table3.5: Wind and PM 2.5 IV ÐConÞrmed COVID-19 Deaths

(1) (2) (3)
Weighted PM 2.5 0.00918 0.0122** 0.0103*

(0.00571) (0.00600) (0.00600)

F Stat 14.28 14.89 15.13
Dep Var Mean 0.216 0.216 0.216
Pct ChangeMean 4.256 5.646 4.785
Controls ! ! !
County & State-by-Week
FEs

!

County and MSA-by-Week
FEs

!

County and CBSA-by-Week
FEs

!

Observations 97,885 97,783 97,740

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors clustered at the county level in parentheses.

Outcomes are daily death incidence per 100,000 population. Controls include state-level and county-level policy

adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week social distancing

behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Displayed output of a two-

stageleast squaresregression model with county and state-by-week, MSA-by-week, or CBSA-by-week Þxed effects

in which wind direction and air quality monitor cluster interactions are used to predict PM 2.5 levels in a county

on a given day. F-statistics of the relevance test are computed assuming Þrst-stage standard errors are not serially

correlated.
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surveillancedata in TableC.3. While thesedatahaveaccuratedatesof caseconÞrmation, they do

not include information on the timing of mortality. Hence, wesimply assign each mortality event

to thedateof caseconÞrmation. Aswemight expect, these results areattenuated in comparison

to estimatesusing Johns Hopkinsdata. In particular, columns (4) through (6) demonstrate that a

oneunit increase in PM 2.5 on theday of caseconÞrmation increases the later mortality incidence

associated with thesecasesby 0.004 to 0.007, a1.6 - 2.3% increase from themean. Thesearehalf

as largeasour primary estimates for which timing of mortality isknown. Wetake thisasevidence

that air pollution exposure impactscaseseverity and caseprogression to mortality after initial

infection and caseconÞrmation. Wereturn to thisdiscussion in Section 3.5.4.

Finally, consistent with Deryuginaet al. (2019), weexamine the relationship between

exposure to an additional unit of PM 2.5 and COVID-19 deathsover longer timehorizons. The

corresponding estimatesareprovided in Table3.4. For death incidence, weshow that the

relationship remains roughly constant at 0.008 over a3-day period. Over a7-day period, we

observe that an additional unit of PM 2.5 increasesdeath incidenceby 0.03 per 100,000

population, which is three times themagnitudeof thesame-day effect but only a2% percent

increase relative to the7-day mean death incidence. Weobservenoisier relationshipsbetween

exposure to PM 2.5 and death incidenceover 10- and 14-day periods, with amagnitudeslightly

larger but roughly consistent with thesame-day impact. To providesomecontext for these

magnitudes, our results suggest that acounty would have6% fewer deaths if wind came from the

least-polluted direction for oneweek, in comparison to itself if wind came from themost-polluted

direction for thesameperiod of time.

3.5.3 Robustness Tests

Weassess thesensitivity of our results to abattery of robustness tests. Weproceed as follows.

First, we incorporatedifferent combinationsof time-varying daily controls. In particular, we

conÞrm our resultswhen controlling for local infection severity. Wealso test thesensitivity of our

results to differential self-reported mask-wearing behavior. Next, we re-estimateour main model
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with controls for ozoneconcentrationsas in Isphording and Pestel (2021). Further, weexplore

alternativespeciÞcations relying on inversehyperbolic sine-transformed caseand death outcomes

or using ordinary least squares. Wealso excludevarious localitieswith possibly unique

characteristics. We then re-examineour methods for assigning wind direction to the local level

and incorporating weather controls. Finally, we test how reporting inconsistenciesmay impact

our resultsby dropping each day of theweek from our regression sampleoneat a time.

Inclusion of Different Time-Varying Controls. Our primary regressionscontrol for local

policies to control thespread of COVID-19, wind speed, daily precipitation, daily minimum and

maximum temperature, past two-week averagesocial distancing information, day of theweek,

and two daysof lagged wind-direction combinations. In Table3.6, wedeterminewhether our

primary results differ when subsetsof controlsareemployed.

To start, weshow resultswith only our primary Þxed effects for county, state-by-week, day of

theweek, and lagged wind instruments in columns (1) and (5), hencedropping controls for

weather, stateand local policies, and social distancing behaviors. In this speciÞcation, weseea

relationship between Þneparticulatematter and cases that isof smaller magnitude to our primary

estimates for cases, at roughly 1.3% increase from themean compared to 1.8%, although

statistical precision issimilar. For deaths, weseea relationship of larger magnitudeand statistical

precision at a6.5% increase from themean relative to 4.2% in our main speciÞcation. The

difference in how thesecontrolsaffect point estimates for casesand mortality could reßect the

fact that someof thesecontrolsaremoreor less inßuential on cases than mortality. It isalso

possible that weather eventsarecorrelated with PM 2.5 and mortality, hencedriving up the

estimated relationship between PM 2.5 and mortality. Thesepossibilitieshighlight the importance

of controlling for thesevariables. In columns (2) and (6), weadjust themodel to includedaily

precipitation and temperaturecontrols. For casesand deaths, weobserve, likely becauseof

omitted variablebias being gradually addressed, larger point estimatesof comparablestatistical

precision to thesimplecasepresented in columns (1) and (5), suggesting that oneunit of Þne
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particulatematter in acounty led to a2% increase in daily case incidenceand a7% increase in

daily death incidence. Adjusting themodel to include local policies, in columns (3) and (7),

leaves themagnitudeof thepoint estimatesand statistical precision largely unchanged for both

cases and deaths. In thesecases, again, weobservesomewhat smaller point estimates for cases

than our primary speciÞcation in Table3.3 and Table3.5. Finally, in columns (4) and (8), wedrop

policy controlsand add our past 2-week social distancing behavior controls. While this

speciÞcation changedoesnot particularly affect our point estimateon cases, it tends to decrease

themagnitudeand precision of our relationship between Þneparticulateexposureand death

incidence. Still, in general, the results in Table3.6 are roughly comparable to our primary

estimates, with themagnitude for cases situated between an increaseof 1.3-2% and for deaths

between 4-7%. This evidencecompounds that provided in Deryuginaet al. (2019) on thevalidity

of wind direction as an instrument for air pollution.

The results in Table3.6 suggest attenuation with inclusion of prior two-week social distancing

controls. Wenote that two-week averagesocial distancing behavior may becorrelated with

pollution through two channels, avoidancebehavior (Graff Zivin and Neidell, 2009; Neidell,

2009; Deschöeneset al., 2017) and the fact that past social distancing behavior may imply less

pollution. These factorsmay lead to theattenuation dynamics that weobserve. We therefore

further explore thesensitivity of our results to different formulationsof social distancing controls

in TableC.7. In general, weobservepoint estimatesof very similar magnitudewhen adopting

different variationsof thesecontrols. Importantly, in column (1), weseepoint estimatesof similar

magnitudeand even greater statistical precision for death incidencewhen dropping social

distancing controlsaltogether. Thisanalysis suggests that including social distancing controls in

our empirical model leads to moreconservativeestimates.

Lastly, sincecaseand death incidence from COVID-19 may be largely dependent on the

accumulated local caseload over a recent period, weconsider additional controls related to the

local severity of thepandemic within acounty in Table3.7, as Persico and Johnson (2021) and

Isphording and Pestel (2021) also do. In columns (1) and (4), wecondition on thenumber of days
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since theÞrst death in acounty. In columns (2) and (5), wecondition on thecumulativenumber

of casesseven daysprior. Similarly, columns (3) and (6) condition on cumulativenumber of cases

fourteen days prior. Each regression uses county and state-by-week Þxed effectsand thestandard

controlsof Table3.3 and Table3.5. For each additional control, our point estimateson case

incidenceareslightly larger but vary by less than 0.003 in magnitudecompared with our baseline

estimations and remain thesame in termsof statistical signiÞcance. Themagnitudeof thepoint

estimateson death incidencealso vary littlewith inclusion of thesecontrols, by no more than

0.0004. However, inclusion of controls for accumulated cases in theweeksprior increases

precision of point estimates on death incidence, which now reach statistical signiÞcance. Overall,

the inclusion of thesecontrols increases themagnitudeand precision of our results, suggesting

they may bean important factor to account for in theestimations. Hence, the results in Table3.7

point to our baselineestimationsas rather conservative.

Mask-Wear ing Behavior. Wenext test how the inclusion of survey measures of mask-wearing

behavior affectsour results. For this sensitivity analysis, weusesurvey responses to the

Understanding Coronavirus in Americaquestions in theUnderstanding AmericaStudy. TableC.8

reportsour primary results when including this variableasacontrol. Thepoint estimates of

interest arevery similar in magnitudealthough somewhat lessprecise, which we takeasevidence

that differential masking behavior isnot driving the relationship between pollution and

COVID-19 severity. Rather, mask-wearing behavior may slightly attenuate the relationship

between pollution and COVID-19 caseseverity by limiting transmission and in somecasesalso

protecting from air pollution. Weneverthelessnote that these results should be interpreted with

caution as mask-wearing behavior isnot only self-reported, but also endogenous to pandemic

severity, potentially leading to endogenousself-reporting aswell. Indeed, thesecond row of

results in TableC.8 shows that recent mask-wearing behavior is strongly negatively correlated

with case transmission, aswemight expect, but it ispositively associated with mortality. This
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Table3.7: Wind and PM 2.5 IV - Controlling for Severity of thePandemic

Cases Deaths

(1) (2) (3) (4) (5) (6)
Weighted PM 2.5 0.146** 0.147** 0.149** 0.00917 0.00951* 0.00957*

(0.0683) (0.0683) (0.0682) (0.00571) (0.00572) (0.00573)

F Stat 14.28 14.27 14.27 14.28 14.28 14.28
Dep Var Mean 7.875 7.875 7.875 0.216 0.216 0.216
Pct ChangeMean 1.854 1.867 1.886 4.251 4.407 4.437
Controls ! ! ! ! ! !
County & State-by-Week
FEs

! ! ! ! ! !

DayssinceÞrst death ! !
Cumulative Cases 7 days
prior

! !

Cumulative Cases 14
daysprior

! !

Observations 97,885 97,885 97,885 97,885 97,885 97,885

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors clustered at the county level in parentheses. Con-

trols include state-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,

precipitation, prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor

cluster interactions. All regressions include county and state-by-week Þxed effects. Displayed output of sensitivity

tests including three additional controls related to the county-level severity of the pandemic. Columns (1) and (4)

includeacontrol for thenumber of dayssincetheÞrst reported death in agiven county. Columns(2) and (5) include

a control for the cumulative number of cases or deaths, respectively, seven days prior to day of the case or death

incidence outcome in the same county. Columns (3) and (6) include a control for the cumulative number of cases

and deaths 14 days prior to the case or death outcome. F-statistics of the relevance test are computed assuming

Þrst-stagestandard errorsarenot serially correlated.
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positiveassociation likely reßects that individuals aremore likely to wear masks, or to report that

they do, when mortality ishigh in thesamestate.

Controlling for Ozone. WeusePM 2.5 asour primary independent variable to represent air

pollution. Themain rationale is that our empirical strategy, based on Deryuginaet al. (2019), is

very much geared towardscapturing thecausal effect of PM 2.5 on theoutcomes of interest. Yet,

avariety of pollutantscontribute to air quality. Several pollutants tend to becorrelated with PM

2.5, but their measurement ismuch sparser, leaving uswith amuch smaller samplesize (that is

thecase for instance for NO2 and SO2). Further, measures such as theEPAÕsAir Quality Index

(AQI) tend to behighly dependent on variation in PM 2.5, so that estimates for PM 2.5 and AQI

would tell a very similar story (aswe report in Austin et al., 2020). However, asdiscussed in

Isphording and Pestel (2021), onepollutant, ozone, standsout for itsnegativecorrelation with PM

2.5 (seeJiaet al., 2017). Further, ozonemay also be responsible for immediate, adversehealth

effects, in particular with respect to respiratory issues. As a result, in this section we test the

robustnessof our results to controlling for ozone.

As with PM 2.5, weconstruct ozonevariablesby population-density weighting pollution

measureswhen more than oneozonemonitor ispresent in acounty. Asmentioned, missing

observations arean important issue for all pollutantsother than PM 2.5, albeit slightly lessso for

ozone than it would be for instance for NO2 and SO2. Hence, wecodeour variableso to isolate

theeffect of amissing observation through a random number. The resultsarepresented in

TableC.9. All columns indicate that our main results for both cases and deathsare robust to the

inclusion of ozoneasacontrol variable. If anything, point estimatesbecomeslightly larger,

suggesting that our main estimatesare rather conservative. ThecoefÞcients for ozone, instead, do

not point to any particular pattern in our sample.

AlternativeEmpir ical SpeciÞcations. Here, wepresent results for two alternativeempirical

speciÞcations in Table3.8. First, wedemonstrate the robustnessof our Þndings to applying an

inversehyperbolic sine transformation to caseand death incidencevariables in columns (1) and
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(3). A log transformation may help to eliminateskew in caseor death incidence. Weuse the

inversehyperbolic sine transformation asopposed to asimplenatural logarithm due to the

presenceof many zeroes for casesand deaths in our data. The relationship between air pollution

and hyperbolic-sine-transformed casesand deaths isstatistically signiÞcant for both caseand

death incidence, although thepoint estimatesaresomewhat smaller. WeÞnd that aoneunit

increase in Þneparticulatematter increasescase incidenceby 1% and death incidenceby 0.5%

from themean.37

Table3.8: AlternativeSpeciÞcations

Cases Deaths

(1) (2) (3) (4)
Weighted PM 2.5 0.00968* 0.0589** 0.00468** -0.000800

(0.00495) (0.0260) (0.00211) (0.000770)

F Stat 14.28 14.28
Dep Var Mean 1.675 7.875 0.152 0.216
Pct ChangeMean 0.968 0.748 0.468 -0.371
Controls ! ! ! !
County & State-by-
Week FEs

! ! ! !

InverseHyperbolic Sine ! !
Ordinary Least Squares ! !
Observations 97885 97885 97885 97885

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors clustered at the county level in parentheses. Con-

trols include state-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,

precipitation, prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor

cluster interactions. All regressions include county and state-by-week Þxed effects. Displayed output of alternative

modelling speciÞcations. Columns (1) and (3) apply the inverse hyperbolic sine transformation to the incidence of

cases or deaths. Columns (2) and (4) present the results of an Ordinary Least Squares estimation procedure instead

of the two-stage least squaresmodel.

37 We conducted an analysis of residuals to compare log-transformed and regular outcomes. The log-transformed
model eliminated a small share of the upward skew in our residuals. However, they also introduced some degree of
bias. We noted a slight downward line of Þt between the residuals and Þtted values in log-transformed models, while
our main model displayed aßat relationship between Þtted valuesand the residuals. Webelieve thisanalysissupports
our useof non-transformed caseand death incidencevariablesasprimary outcomes, adecision that isalso in linewith
Isphording and Pestel (2021).
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Next, weshow reduced-form ordinary least squares (OLS) estimatesof our relationship of

interest. Theprevious literaturehas identiÞed measurement error of pollution exposureasan

important issuewhen analyzing theeffect of air pollution on health outcomes, thus leading to the

useof an instrumental variableapproach (Luechinger, 2014; Deryuginaet al., 2019; Anderson,

2020). The instrumental variableapproach can also tackleother non-random sourcesof variation

in pollution exposure, which may limit theextent to which na¬õveOLS estimationsapproximate

causality. To shed light on thepotential biasesof ana¬õve regression, wedisplay estimates

obtained viaOLS in columns (2) and (4) of Table3.8. Weestimate these relationshipswith

county and state-by-week Þxed effectsaswell as thesamecontrolsas in our baseline

speciÞcations. WeÞnd that an additional unit of PM 2.5 isstatistically signiÞcantly associated

with 0.06 increased casesper 100,000 population. This isa0.7% increase relative to themean

daily case incidence in acounty, which isslightly over one third themagnitudeof our primary

estimates for case incidence. In column (4), weshow that aoneunit increase in PM 2.5 is

negatively associated with daily death incidence in acounty, although theassociation is

insigniÞcant and themagnitudeof thepoint estimate isasmall 0.3% of themean death incidence.

We take thedifferences in magnitudeor sign of theseOLSpoint estimatesasevidenceconÞrming

theconclusions in Luechinger (2014), Deryuginaet al. (2019), and Anderson (2020) on the

inßuenceof measurement error and non-random pollution exposure in na¬õve regressions.

Excluding SpeciÞc Geographies. We test how localitieswith uniquecharacteristics or reporting

practicesmay impact our primary estimates in TableC.10. In columns (1) and (4), weshow

resultswithout New York City, the location of theÞrst major outbreak of COVID-19 in theUnited

States. New York City may beconsidered an outlier in many respects, including population

density, initial outbreak intensity, COVID-19 policy response, and pollution levels. Wealso drop

counties in themulti-stateKansasCity region in columns (2) and (5), ascasesand deathsare

reported for theentirecity asopposed to by county in theCSSE COVID-19 DataRepository.

Lastly, Utah reportsCOVID-19 outcomesby collections of counties (i.e., health districts), and so
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in columns (3) and (6) weshow our primary resultswhen dropping this state. These robustness

checks mirror similar checksperformed in Persico and Johnson (2021). In all models, wesee

effect sizes of similar if not greater magnitudeand statistical precision. Removing New York City

notably increases themagnitudeand statistical precision of our point estimates for death

incidence from 0.009 to 0.014 per 100,000 population. This representsan increase from 4% to

7%. Dropping KansasCity and Utah, conversely, barely changes thepoint estimates in magnitude

and precision in comparison to our baselinemodel. From these results, weconclude that our

Þndingsare robust to theexclusion of geographieswith uniquecharacteristics or reporting

practices. If anything, their inclusion may add somestatistical noise to our estimates, pointing

oncemore to theconservativenessof our baselineestimates.

Next, because the inclusion of New York City seems to affect theprecision of our point

estimates, we test our resultswhen limiting thesample to counties in MSA regions in TableC.11.

Herewe include thesamecontrolsas beforeand display estimateswith county-by-week and

MSA-by-week Þxed effects. Onemight expect countiesconstituting MSA regions to have

different COVID-19 transmission, policy adherence, aversion behavior, or other characteristics

that might impact our relationshipsof interest. In all regressions limited to MSA regions, wesee

statistically insigniÞcant point estimates related to Þneparticulatematter. Themagnitudeof the

point estimate for cases is roughly two thirdsas largeasour primary estimates, at 0.9-0.1 cases

per 100,000 instead of 0.15. For death incidence, weseenoisy point estimateswith positiveand

negativesigns. These resultsmay largely reßect thesmaller samplesize that is left when limiting

to MSA regions. However, they may also be in part suggestiveof apattern by which moreurban

regionsmay haveexperienced differential impacts from pollution exposurewith respect to

COVID-19 in comparison to the rest of thecountry. Wedevotemoreattention to this

heterogeneity of impacts in Section 3.5.5.

AlternativeApproaches to Weather and Wind. Wind and weather information isof crucial

importance to our identiÞcation strategy. We therefore test thesensitivity of our results to

138



alternativemethodsof assigning wind directions aswell asdifferent conÞgurationsof weather

controls. To start with wind direction, weassign wind direction variables to air quality monitors

by inverse-distanceweighting wind direction valuesof the four nearest weather stations, where

the inversedistanceweights areapplied to directional wind vectors asdescribed in Section 3.4.

Thesemonitor-speciÞc wind direction measurements aresimilarly population-weighted to derive

county-level measurements. Wealso present resultsunder two alternativeassignment

mechanisms. First, weassign wind direction based on only theclosest weather station with

non-missing wind information on agiven day. Next, weassign wind direction based on

inverse-distanceweighting wind direction valuesof the twelvenearest weather stations. We

present our main empirical speciÞcationswith thesealternatewind direction assignments in

TableC.12. When assigning wind direction based on only theclosest weather station, in columns

(1) and (4), point estimates for casesareslightly larger whileour results for deaths aremarginally

smaller in magnitude in comparison to our baselineÞndings, which arepresented in columns (2)

and (5). Statistical precision issimilar in either case. In columns (3) and (6), when taking the

distance-weighted averageof wind direction across thenearest 12 weather stations, wenote

similar results for casesbut asomewhat attenuated point estimatewith respect to deathsat 0.008

instead of 0.009. These results suggest that our estimatesaresimilar acrossdifferent methodsof

aggregating wind direction measurements to thecounty level.

Further, given the importanceof weather conditions in potentially moderating theactivity and

infectivity of theCOVID-19 virus (seeSarkodieand Owusu, 2020), weexplorealternative

combinationsof weather controls in TableC.13. Columns (1) and (3) reßect our basemodel with

wind speed, temperature, and precipitation controls for day t only. In columns (2) and (4), we

includeadditional lagged weather variables representing day t, t # 1, and t # 2. Evidently,

conditioning on these lagged weather variables improves themagnitudeand statistical precision

of our point estimate for deaths, raising it from 0.009 to astatistically signiÞcant 0.01, or a jump

from 4.2% relative to themean to 4.8%. Thepoint estimate for cases, meanwhile, is slightly

smaller in magnitudebut very similar to our baseline regressions. We take these results as
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suggesting that including moreweather controls in our model would not attenuateour estimated

relationship between Þneparticulatematter and COVID-19 outcomesand, if anything, would lead

to larger estimates for death incidence.

TimeHor izons of Repor ting. In Section 3.3, wenoteuncertainties related to the timestamp of

caseand death reporting. In general, the timestamp of cases and deaths reßects thedateastate

reported them on COVID-19 web-based dashboards. Assuch, our resultsmay be inßuenced by

inconsistent, lagged, and lumpy reporting by statesand corresponding healthcare institutions. In

particular, institutions may be less likely to report new dataon holidays or weekends. To

determinehow inconsistent reporting across speciÞc daysof theweek may inßuenceour results,

wedrop each day of theweek oneat a time in TableC.14. In columns (3) through (6), weobserve

that excluding week days that are less likely to haveabnormal reporting typically leads to point

estimatesof lower magnitudeand statistical precision for deaths. Results for cases aremostly

lower aswell with theexception of Thursday. These lower point estimates likely result from

reducing thesamplesizeand datasignal without simultaneously improving accuracy of caseand

death timing assignment. Conversely, excluding days that aremore likely to haveabnormal

reporting, such as theweekend and Monday, when recent weekend outcomes may be reported,

results in point estimates that aregenerally larger and morestatistically precise, asonemight have

expected. For example, dropping any day from Saturday to Monday results in statistically

signiÞcant point estimates on death incidence in the rangeof 0.011 to 0.014, or a5-6% increase

relative to themean asopposed to our baseestimates of 4.2%. Our point estimates for case

incidenceover theweekend aresplit, with much larger estimates than our baselinewhen dropping

Saturday but asmaller estimatewhen dropping Sunday. While thesepatternsarenot perfectly

uniform, they generally suggest that lumpy or inaccurate timing issues may bean attenuation

factor in our main Þndings. That is, while these issuesmay not substantively alter theoverall

interpretation of our results, they also point to our baselineestimates as rather conservative.

140



3.5.4 Mechanisms

In this section, wediscuss thepotential mechanisms driving the relationship between PM 2.5

and COVID-19 casesand mortality, building upon the literaturecovered in Section 3.2. We

proceed in two ways. First, weadjust our empirical approach to accommodateCOVID-19

Tracking Project dataat thestate-day level and test the relationship between PM 2.5 and

hospitalizations, useof intensivecareunits, and useof ventilators, with thegoal of determining

thecausal chain potentially leading from air pollution exposure to death from COVID-19. In

related analyses, weconsider viral testing counts and positivity ratesasoutcomevariables.

Second, weuse the restricted CDC casesurveillancedata, asdescribed in Section 3.3, to analyze

mechanismsat the individual level, aggregating at thecounty level for case incidence in linewith

our main estimationsand with an individual-level analysis for other outcomes. Thegoal of this

second set of analyses is to complement theÞrst approach and shed further light on the

mechanismsbehind our main relationship of interest. Asmentioned in Section 3.3, whilewe

possess information on the location of the individual recordsat thecounty level, onedownsideof

thisapproach relates to how weobserve timing. In particular, wedo not observe the timing of

hospitalization, admission to intensivecareunits, ventilator use, or mortality. We investigatehow

theseeventual outcomesvary with air pollution on theday of caseconÞrmation, and in separate

analyseswealso incorporate longer timehorizonsof pollution corresponding to theperiod after

initial caseconÞrmation. Yet, because the temporal match of our wind instrument is important to

our identiÞcation strategy, these results should be interpreted with this timing issue in mind.

Hence, the two approaches, state-level variableswith thesame timing as in our main estimations

and county-level variablesas in our main estimationsbut with unknown timing of clinical

outcomes, providedifferent but complementary viewsof themechanismsunderlying our Þndings.

COVID-19 Tracking Project State-Level Outcomes. Westart with theempirical analysisof the

relationship between PM 2.5 and hospitalizations, useof intensivecareunits, and useof

ventilators, all observed in theCOVID-19 Tracking Project at thestate-day level. Wealso
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consider testing and positivity rates. Table3.9 provides themain estimates in threepanels, one for

each outcomevariable: hospitalizations, useof intensivecareunits, and useof ventilators. The

Þrst threecolumnsprovidesame-day estimateswith Þxed effect speciÞcation changes that

parallel our approach in Section 3.5, whilecolumns (4) and (5) examineeffectsover threeand

seven days, respectively, where theoutcomevariable is represented by total patient-day useof

theseservicesover thecorresponding period at thestate level. TheÞrst panel of Table3.9 shows

that changes in PM 2.5 lead to morehospitalizationsor longer hospital stays, in theorder of about

10 to 16 additional hospitalization-daysper stateper county µg/ m3 increase. This

contemporaneous relationship suggests that changes in pollution can affect theclinical courseof

severeCOVID-19 patients, leading to increased risk of hospitalization or longer hospitalizations.

Point estimates tend to be larger, although not statistically signiÞcantly so, over threeand seven

days, with the latter speciÞcation being more imprecisely estimated.

If theclinical courseof aCOVID-19 patient doesnot improvewith hospitalization, or if the

symptomsarevery concerning at the timeof hospitalization, amove to an intensivecareunit may

benecessary. Thesecond panel of Table3.9 indicates that asame-day increase in PM 2.5 leads to

higher useof intensivecareunits, in theorder of about 3 to 4 additional intensivecareunitsused

per day per state for each µg/ m3 increase, depending on thespeciÞcation. Hence, a

contemporaneous relationship between PM 2.5 and patient outcomes is identiÞed for both

hospitalizationsand intensivecareunit use. Asmentioned, patientsmay beexposed to such

higher levels of pollution whilealready hospitalized, or be immediately given aspot in an

intensivecareunit when transported to thehospital. Weareunable to disentangle these two

channels. Still, wediscuss in Section 3.6 potential interventions to improveair quality in hospital

roomsand indoor pollution in general. Estimatesover threeand seven days tend to be less

precisely estimated. ThecoefÞcient for theseven-day period tends to besubstantially larger than

theones in previouscolumns, pointing to apotential ramping up of the relationship, but the

relatively largestandard errors limit our ability to conÞrm such interpretation. Comparing

estimates for hospitalizations and useof intensivecareunits, weobserve that the identiÞed
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Table3.9: Wind and PM 2.5 IV ÐRegressionsover AlternativeOutcomes: Hospitalizations, Use
of ICUs, and Useof Ventilators

(1) (2) (3) (4) (5)
Same-Day Same-Day Same-Day 3-Day 7-Day

Hospitalizations
Weighted PM 2.5 13.18*** 10.15*** 16.41*** 22.31** 22.27

(3.495) (3.672) (4.902) (10.08) (25.15)
F Stat 9.65 9.88 9.98 9.60 9.59
Dep Var Mean 1646.36 1647.19 1647.18 4962.06 1.2e+04
Pct ChangeMean 0.800 0.616 0.996 0.450 0.191
Controls ! ! ! ! !
County & State-by-Week FEs ! ! !
County and MSA-by-Week FEs !
County and CBSA-by-Week FEs !
Observations 70,875 70,823 70,801 70,757 70,587

IntensiveCareUnits
Weighted PM 2.5 3.260** 3.192** 4.433*** 3.892 9.823

(1.430) (1.446) (1.641) (3.914) (7.771)
F Stat 13.09 13.14 13.06 13.05 13.03
Dep Var Mean 639.95 640.08 640.22 1925.66 4507.23
Pct ChangeMean 0.509 0.499 0.692 0.202 0.218
Controls ! ! ! ! !
County & State-by-Week FEs ! ! !
County and MSA-by-Week FEs !
County and CBSA-by-Week FEs !
Observations 42,307 42,276 42,266 42,207 42,064

Ventilators
Weighted PM 2.5 -0.0993 0.333 0.0985 0.0935 2.396

(0.477) (0.581) (0.556) (1.190) (2.617)
F Stat 18.07 17.40 17.54 18.43 17.84
Dep Var Mean 207.99 207.99 208.00 615.11 1392.01
Pct ChangeMean -0.048 0.160 0.047 0.015 0.172
Controls ! ! ! ! !
County & State-by-Week FEs ! ! !
County and MSA-by-Week FEs !
County and CBSA-by-Week FEs !
Observations 30,614 30,591 30,580 30,561 30,484

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors clustered at the county level in parentheses. Controls include state-level and

county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week social distancing behavior,

day-of-week, and two lagged wind direction-by-monitor cluster interactions. The table displays regressions over three different outcomes:

hospitalizations, use of Intensive Care Units (ICU), and use of ventilators, at the state-day level. All outcomes represent the number of patients

using thesehealthcareresourceson agiven day. Columns(1) through (3) analyzetheseoutcomeson thesameday over threetypesof geography-

by-week Þxed effects. Column (4) and column (5) display the relationship between Þne particulate matter and summed daily outcomes over

threedaysand seven days, respectively. Regressionsemploy county population weights. F-statisticsof therelevancetest arecomputed assuming

Þrst-stagestandard errorsarenot serially correlated.
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relationship isabout three to four times stronger for hospitalizations than it is for useof intensive

careunits. Recall that, asshown in thesummary statisticsprovided in Table3.1, state-level

hospitalizationsaverage1,646 whilestate-level useof intensivecareunitsaverages640. Hence,

on average, only 1 in 3 patientsentered intensivecare.

The third panel in Table3.9 considersventilator useby patientswhoseclinical course is more

severe. Whilemost coefÞcientssuggest apositiveand large, if not statistically signiÞcant,

relationship between PM 2.5 and useof ventilators, theestimates tend to benoisy. Asshown in

thesummary statistics provided in Table3.1, thestateaverage in ventilator useper day isaround

208, so thenumber of observations from which to derive inference is relatively limited, given also

themorespatially aggregatevariablecompared to our main speciÞcations in Section 3.5. Further,

it ispossible that with ventilators the fraction of always-takers, in causal jargon, is larger, and thus

the fraction of compliers from whom to infer smaller, contributing to theabove-mentioned noise.

Hence, theobserved statistical imprecision preventsus from making any conclusivestatements

regarding ventilator useusing thesedataalone.

Wealso consider how PM 2.5 affected viral testing and positivity rates. PM 2.5 may increase

testing if peopleexperiencenew symptomsassociated with COVID-19 or moresevereCOVID-19

symptoms. Whileour Þxed effectsspeciÞcationsaredesigned to hold statewide infection rates

roughly constant within agiven week, PM 2.5 may nevertheless increasepositivity rates if more

individualswith COVID-19 experiencesymptoms and get tested compared to acounterfactual

wherea larger fraction of tests is taken by asymptomatic individuals, either becauseof testing

requirementsor because they might havebeen in contact with an individual who then tested

positive. PM 2.5 could also potentially increase thepositivity rate if PM 2.5 accelerates

transmission of COVID-19 ashypothesized by Setti et al. (2020) and Zhang et al. (2020).

However, asmentioned, there is littleevidence in favor of this latter channel. Lastly, wenote the

possibility that elevated exposure to PM 2.5 could even decrease thepositivity rate if many

individualsseek testing after mistaking symptomsof air pollution exposurewith COVID-19

infection.
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TableC.16 showsour results for viral testing and positivity rates. First, weobserve that air

pollution shocks increase thenumber of new viral tests, in columns (4) and (5), on theorder of

450 new testsper stateover the following three-day period. This isa1% increase relative to the

mean viral testsconducted daily. For context, in Table3.4 weshow that aoneunit of additional

PM 2.5 increasescase incidenceby 1.5% over a three-day period, suggesting that individuals

seeking out testing due to new or worsening symptoms could bean important mechanism driving

the increase in COVID-19 cases. For thepositivity rate, weseeuniformly positivepoint estimates,

but thesecoefÞcientsare imprecisely estimated and statistically indistinguishable from zero.

CDC CaseSurveillanceRecords. Asdescribed in Section 3.3, theCDC casesurveillance

records provide information on COVID-19 patientscollected by hospitals, healthcareproviders,

and laboratories, with detailsof illnessprogression and socio-demographic characteristics. In

Section 3.5, we implement our main model speciÞcation on these recordscollapsed to the

county-day level, asshown in TableC.3, and wereport that these resultsarevery similar to those

seen with theJohn Hopkinsdata in Table3.3 and Table3.5. In this section, we takeadvantageof

thepatient-level structureof these records to explore themechanisms behind our main results

regarding COVID-19 cases and mortality. SpeciÞcally, weadjust the two-stageapproach in

Equation 3.1 to model individual-level adverseclinical outcomes including apatientÕs likelihood

of mortality, hospitalization, ICU admittance, and mechanical ventilation. Since theunit of

observation is the individual, wealso add controls for individual characteristics that might relate

to COVID-19 illnessseverity including sex, raceand ethnicity, agegroup, and pre-existing

medical conditions, which aresummarized in TableC.2. Thereare two limitationsof this

speciÞcation, asmentioned previously in this section aswell as in Section 3.3. First, clinical

outcomesare frequently missing in thecasesurveillance records. Second, weexpect additional

noisebecause thedateof clinical transitions isnot observed. Assuch, these results should be

interpreted as theeffect of an additional random shock of air pollution exposureon theday that a

patient has their caseconÞrmed via testing.
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Table3.10 displays regressionsof the individual-level outcomesof mortality, hospitalization,

admission to intensivecareunits, and mechanical ventilation on daily wind-Þtted PM 2.5 levels in

thesamecounty. These resultsagain conÞrm that additional air pollution exposure, even if only at

thestart of aCOVID-19 illness, worsens theseverity of illnessand increases the likelihood of

mortality. Columns (1) through (3) in theÞrst panel of Table3.10 indicate that an additional unit

of air pollution on theday of caseconÞrmation increases the likelihood of eventual mortality by

0.13 to 0.15 percentagepoints, or a1.1 to 1.3 percent increase from themean mortality rateof

11.4%. Recall that this mortality outcome isonly for caseswhereeventual mortality is known,

and missing values may bemore likely to reßect no mortality. Thispercent change in likelihood

of mortality is roughly one fourth thepercent increase reported in Table3.3, which may be

becauseair pollution exposureat thestart of an illnesshas lessof an impact on mortality

likelihood than air pollution exposurewhen acase is moreadvanced. Similarly, columns (1)

through (3) of thesecond panel of Table3.10 show that an additional unit of air pollution

exposureon theday of caseconÞrmation increases the likelihood of eventual mechanical

ventilation by 0.12 to 0.17 percentagepoints, or a2-3% increase from themean likelihood of

ventilation of 6% for cases where thisoutcome isknown with certainty. Thiseffect ismuch more

precise than theestimates based on stateoutcomesobserved in Table3.9, which weregenerally

positivebut not statistically signiÞcant. Weseeno statistically signiÞcant relationship between air

pollution shocksat thestart of an illnessand hospitalization, while the relationship between air

pollution at thestart of illnessand later admission to intensivecareunits ispositiveand close to

statistical signiÞcance. Results for admission to intensivecareunitsand hospitalization are

noisier than thoseobserved for stateoutcomes in Table3.9, wherehospitalization and admission

to intensivecareunitsweregenerally signiÞcant.

Werun two sensitivity analyses for theseoutcomes. First, in TableC.15, we test whether any

of these resultsaresensitive to the inclusion or exclusion of speciÞc individual-level covariates

such as sex, age, ethnicity, or pre-existing medical conditions. Thesecovariatesdo not

substantially affect the results. Next, given thehigh proportion of missing clinical outcomes, we
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Table3.10: Mortality, Hospitalization, Mechanical Ventilation, and ICU Entry Propensity using
CDC CaseSurveillanceRecords

Deaths Hospitalization

(1) (2) (3) (4) (5) (6)
Weighted PM 2.5 0.00154** 0.00137** 0.00133** -0.000754 -0.000214 -0.0000299

(0.000597) (0.000535) (0.000537) (0.000909) (0.000793) (0.000792)

F Stat 115.00 121.70 122.74 137.67 142.05 142.68
Dep Var Mean 0.114 0.114 0.114 0.235 0.235 0.235
Pct ChangeMean 1.343 1.203 1.167 -0.321 -0.091 -0.013
Controls ! ! ! ! ! !
County & State-by-
Week FEs

! !

County and MSA-
by-Week FEs

! !

County and CBSA-
by-Week FEs

! !

Observations 311,591 311,456 311,380 382,686 382,597 382,557

Mechanical Ventilation IntensiveCareUnit

(1) (2) (3) (4) (5) (6)
Weighted PM 2.5 0.00171** 0.00125* 0.00131* 0.00149 0.000955 0.00115

(0.000808) (0.000719) (0.000713) (0.00101) (0.000940) (0.000935)

F Stat 79.28 83.81 92.88 74.86 75.99 84.15
Dep Var Mean 0.061 0.061 0.061 0.107 0.107 0.106
Pct ChangeMean 2.786 2.038 2.148 1.395 0.896 1.079
Controls ! ! ! ! ! !
County & State-by-
Week FEs

! !

County and MSA-
by-Week FEs

! !

County and CBSA-
by-Week FEs

! !

Observations 177,336 177,224 177,179 177,356 177,211 177,091

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors clustered at the county level in parentheses.
Outcomes are a binary indicator for whether an individual conÞrmed case resulted in mortality, hospitalization,
mechanical ventilation, or ICU entry. Controls include state-level and county-level policy adoption, wind speed,
minimum and maximum daily temperature, precipitation, prior two-week social distancing behavior, day-of-week,
and two lagged wind direction-by-monitor cluster interactions. Individual-level controls include sex, age, race and
ethnicity, and pre-existing medical conditions. Displayed output of a two-stage least squares regression model with
county and state-by-week, MSA-by-week, or CBSA-by-week Þxed effects in which wind direction and air quality
monitor cluster interactionsareused to predict PM 2.5 levels in acounty on agiven day. F-statisticsof therelevance
test arecomputed assuming Þrst-stagestandard errorsarenot serially correlated.
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run these regressionswith weights for the likelihood of missing clinical observations.38 These

weightsare intended to emphasize the informational valueof records in statesand counties where

this this information ismore likely to beknown with ahigher degreeof conÞdence. In

TableC.17, wepresent individual-level regressionsof likelihood of adverseclinical outcomeson

air pollution with weights for the inverse likelihood of an observed casehaving non-missing

clinical outcomes. In these regressions, theweightsemployed vary depending on theclinical

outcomebecausedifferent outcomeshaveadifferent shareof missing observations. For each

clinical outcome, point estimatesare larger and morestatistically precise than without weights. In

particular, the relationship between an air pollution shock at thestart of an illness and the

likelihood of mortality is twiceas largeas theestimateobserved in Table3.10. We take this

sensitivity test asevidence that our primary resultsareconservative.

To determine theextent to which thedifferences between individual-level and state-level

clinical progressions reßect differing observed timing of each event in each dataset, we test the

relationship between longer-term pollution and the likelihood of moresevereclinical outcomes in

TableC.18. For these results, wemodify our primary regressor of interest, PM 2.5, by replacing it

with theaverageconcentration over a3, 7, 10, or 14-day period after theday of caseconÞrmation.

Thischangeensures that cases resulting in mortality or hospitalization arebeing regressed on air

pollution concentrations that may bemore relevant to thedatessurrounding clinical progression

compared to the timeof caseconÞrmation, as used in Table3.10. Thisprocedure temporally

separateswind direction variables from the relevant air pollution measurements to an extent. As

such, weobservedeclining F-statistics from 115 to 66, 72, 45, and 35 asweprogress from panel

(a) to (e) of TableC.18 and to longer PM 2.5 timehorizons. The impact of air pollution over

longer timehorizons doesappear larger for mortality. AveragePM 2.5 concentrations in thesame

county over a10- or 14-day period result in twiceas largean impact on mortality as theair

38 We assume that missing clinical information can be described as missing at random, in which case weighting
is a method for improving statistical precision (see Raghunathan, 2004 and Kennedy et al., 2019 for further details).
Observations from states or counties that are more likely to have missing clinical information are weighted less than
observations in areas that are more frequently non-missing. To estimate likelihood weights, we capture the predicted
values from a logit regression of the case count, county population, and state dummies on a binary indicator for
whether acaseobservation isdropped from our primary CDC casesurveillance regressions.
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pollution shock on theday of caseconÞrmation, increasing risk of mortality by roughly 0.3-0.4

percentagepointsor 3%. Weseesimilar results for mechanical ventilation but only over ashorter

timehorizon of threedays, with averagePM 2.5 concentration over the3-day period following

caseconÞrmation increasing risk of mechanical ventilation by 0.4 percentagepoints, which is

over twiceashigh as thesame-day impact. For hospitalizations, weobserve that pollution is

positively associated with hospitalization for periods from 3 to 14 days, unlike thesameday

effect observed in Table3.10. Thepoint estimate isgenerally stablearound a0.1 percentagepoint

increase in likelihood of hospitalization, but it is not statistically signiÞcant in any speciÞcation.

For admission to intensivecareunits, weseeno clear pattern in TableC.18, with values that are

positiveand suggestiveover 3-day and 14-day periodsbut that areessentially zero over 7-day and

10-day periods.

Overall,theCOVID-19 Tracking Project information and the restricted CDC casesurveillance

dataprovidecomplementary viewsof themechanismsby which air pollution impactsseverity of

COVID-19 illnesses. TheCOVID-19 Tracking Project data, which hasaccurate timing of clinical

progression information at thestate level, shows that air pollution increases thenumber of cases

resulting in hospitalization and admission to intensivecareunits. TheCDC casesurveillancedata,

meanwhile, which iscounty-level but does not have timestamps for clinical progression

outcomes, suggest that individualsexposed to worseair pollution at the timeof caseconÞrmation

aremore likely to requiremechanical ventilation and ultimately succumb to COVID-19 illness.

3.5.5 Heterogeneity

In this section, we focuson potential heterogeneity in the relationship between PM 2.5 and

COVID-19 cases, mortality, and measuresof clinical progression such as useof mechanical

ventilation. Weuse two sourcesof data for theanalysisof heterogeneity. First, we rely on the

restricted CDC casesurveillancedataand leverage individual characteristics to conduct

regressionsover subsetsof thepopulation by age, gender, and raceand ethnicity categories.

Second, we rely on our primary dataset of COVID-19 casesand deathsand consider dimensions
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of heterogeneity at thecounty level such as the fraction of essential workers, urbanization rates,

population density, vaccination rates asof May 2021 asproxy for risk attitudeswith respect to

COVID-19, vaccinehesitance, and self-reported mask-wearing behavior. Our empirical approach

still relieson the identiÞcation strategiespresented in Section 3.4, and adetailed description of

thisanalysis isprovided in Appendix C.4.

Beforesummarizing themain Þndings, wenote that thepurposeof thisanalysis is descriptive

and subject to important caveats. To start, theCDC casesurveillance regressions infer from

noisier estimatesbecauseof smaller samplesizes. This isparticularly true for results regarding

NativeAmerican communities. These regressionsalso haveahigh proportion of missing clinical

outcomesand uncertainty in timing asdiscussed previously. Next, with regards to theanalysisof

heterogeneity acrosscounty-level characteristics, the interaction termsshould beunderstood as

correlational and not causal links. Several of thevariables that we includeas interactionsare

correlated, and theremay beadditional characteristics that wedo not observe.

Theheterogeneity analysisusing CDC casesurveillancedata, described in detail in Appendix

C.4, providesevidence that population groupswith increased potential social vulnerability are

also more likely to see larger increases in reported casenumbers related to air pollution exposure.

Asshown in TableC.19, individualsaged 60 and over see twice thepercent increase in conÞrmed

case incidence from aunit of PM 2.5 in comparison to individualsunder theageof 20.

Individuals aged 80 and over see the largest increase in case incidenceper unit of PM 2.5; the

point estimateof 1 caseper 100,000 isover four timesas largeas thepopulation-level effect

observed in TableC.3. In thesame table, wealso observe that Black and Hispanic communities

seeagreater increase in case incidenceper unit of PM 2.5 than Whitepopulations, suggesting

disparatecumulative risks from pollution exposureand COVID-19 for peopleof color and the

elderly. Wealso observe that malessee larger increases in mortality and mechanical ventilation in

comparison to females, as shown in TableC.20. Theheterogeneity analysiswith respect to age

and sex arevery much in linewith Isphording and Pestel (2021), who Þnd the largest impactsof

air pollution on COVID-19 mortality accrue to malepatients over theageof 80.
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Wereport Þndings from theheterogeneity analysis of county characteristics in TableC.23.

The interaction termssuggest astronger relationship between PM 2.5 and COVID-19 cases in

countieswith ahigher fraction of essential workers. Wealso observeaweaker relationship

between air pollution and casesand deaths in countieswith higher population density,

urbanization rates, and eventual vaccination in 2021. Population density and urbanization rates

correlatepositively with propensity to seek vaccination once it becomes availableafter the time

frameof our study, asshown in TableC.24. Thus, these results could suggest that differential

cautionary behavior may havemoderated the relationship between PM 2.5 and COVID-19

morbidity and mortality in moreurbanized areas. Weexplore thepotential roleof differential

cautionary behavior with aseparateanalysisof heterogeneity acrossvaccinehesitance in

TableC.25, discussed further in Appendix C.4. Additional sensitivity analysiswith respect to

self-reported mask-wearing behavior, which protects against COVID-19 and may also directly

mitigateexposure to air pollution, is reported in TableC.8 and described in Section 3.5.3. Finally,

wenote that the inclusion of interaction termswith PM 2.5 and each dimension of heterogeneity

increases theprecision and generally increases themagnitudeof our estimated relationship

between PM 2.5 and casesor mortality at themean level of the interacted variable, as reported at

thebottom of TableC.24.

3.6 Policy Relevance

Our Þndings indicate that higher contemporaneousexposure to PM 2.5 leads to higher

COVID-19 morbidity and mortality. TheseÞndings are relevant for thecurrent pandemic as well

as futureones. Asmentioned in Section 3.2, local air pollution hasbeen linked to moresevere

outcomes in previousoutbreaks. Further, pollution levelshavebeen shown to increase theseverity

of the regular ßu (Graff Zivin et al., 2020). Our resultsadd to thisestablished literatureassessing

thecausal relationship between local air pollution and health outcomes, which often calls for

additional measures to mitigatesuch adverseeffects (seeCurrieet al., 2014 for a review).

In what follows, weprovideaset of policy implications starting with actions that
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policymakerscould undertake in thecontext of theongoing pandemic and then expanding to

leversaffecting pollution over a longer time frame. These lessons tend to bevalid for ensuing

variantsof COVID-19 aswell as potential futurepandemics. They may also beused in the

context of especially problematic variants of the regular ßu, including localized outbreaks. The

severity of agiven winterÕsßu may for instancedepend on theability of vaccines to prevent it,

which varies from year to year, aplausibly random feature that Graff Zivin et al. (2020) exploit

for identiÞcation purposes.

Whileconcentrationsof PM 2.5 may havebeen lower in 2020 than in previousyears for some

U.S. cities in theearly daysof theCOVID-19 outbreak (seeBerman and Ebisu, 2020; Zhang

et al., 2021), wedocument in Section 3.3 little change in PM 2.5 or AQI levelsnationwideover

thecourseof thepandemic, aÞnding consistent with Bekbulat et al. (2020). Further, Persico and

Johnson (2021) report an increase in particulatematter in countieswith TRI sites at thestart of

thepandemic, suggesting that environmental deregulation may haveoffset decreases in air

pollution from lessmotorized trafÞc in many regions. FigureC.6 showsapattern consistent with

theseelements. Meanwhile, thecumulativenumber of COVID-19 cases and deaths increased in

theUnited Statesas well asglobally during theduration of thepandemic. It follows from our

Þndings that there isa rationale for limiting pollution levelswhilemanaging apandemic. There

exist several policy levers to accomplish thisgoal. Privatecompaniesmay also contribute to keep

contemporaneouspollution down aspart of their corporatesocial responsibility strategiesby

letting employees telework whenever appropriate. Assuggested in Persico and Johnson (2021),

hospitalsmay consider using air puriÞers in roomswith COVID-19 patients, or inßuenzapatients,

to limit exposure to indoor air pollution and prevent theneed for ventilators. Individualsare

indeed exposed to pollution not only outdoors but also indoors, an issue that isespecially severe

in emerging countries but also in developed countries, especially for themost vulnerable

individuals (Jeuland et al., 2015).

Regulations can limit theextent with which peoplemove for non-essential activitiesand

encouragecontinued teleworking, in casevoluntary effortsby companiesaredeemed insufÞcient.

152



Local governments can also regulate trafÞc and pollution directly. For instance, adjusting speed

limitson highways to trafÞc conditions can reducepollution (Bel and Rosell, 2013). Temporary

policiesusing alternate licenseplatescan beenforced for non-essential movements, for instance

allowing individuals with an even Þnal digit on the licenseplatenumber to circulateonly on even

daysof themonth (Davis, 2008; Gallego et al., 2013; Li, 2018). RetroÞtted public transit vehicles

can beused whenever possible (Beatty and Shimshack, 2011; Austin et al., 2019), especially

where thenumber of routesand the frequency of servicehavebeen adjusted downward during the

outbreak.

Thesepolicy implicationsapply globally. For instance, citieswith congestion chargesalready

in place, such asGothenburg, London, Milan, Singapore, or Stockholm, may consider adjusting

theprice level to reßect pollution levelsand thespread of COVID-19 or any other disease

increasing themarginal damageof pollution through moreseverehealth outcomes (Coriaet al.,

2015). Congestion charges have indeed been shown to reduceoverall trafÞc and pollution (Leape,

2006; Gibson and Carnovale, 2015; Tang, 2021). Several citiesaround theworld also limit access

to city centersor entire regions to somevehicles, depending on vintage, fuel type, and efÞciency

(e.g., Barahonaet al., 2019). Theuseof low emission zones can contribute to reduceair pollution

in urban areasand improvehealth outcomes (Wolff, 2014; Gehrsitz, 2017; Pestel and Wozny,

2021). Such regulationsmay also beadjusted during apandemic.

Finally, reducing actual pollution may not only be theonly lever available to policymakers.

Governmentscould also try to reduceexposure to local air pollution. Many jurisdictionsaround

theworld provide their citizenswith air quality information (or Òsmog alertsÓ), which havebeen

shown to increaseavoidancebehavior (Neidell, 2009). Combining information on COVID-19

cases and deaths with air quality information, while informing thepublic of the relationship

between the two, could bean inexpensiveapproach to reducing casesand deaths.

Over the longer run, pandemic-related deathscould beused asan additional impetus to

internalizeknown externalities from local air pollution (e.g. Parry and Small, 2005; Muller and

Mendelsohn, 2009), also in consideration of the relationship between local air pollution and ßu
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outcomes. Besidespollution pricing, complementary policies that havebeen shown to reduce

local air pollution may includeexpanding current public transit infrastructure to limit local air

pollution (Laliveet al., 2018; Li et al., 2019) and expanding subsidies for electric or hybrid

vehiclesand charging stations (Beresteanu and Li, 2011; Li et al., 2017; Muehlegger and Rapson,

2018), although in the latter case local contextual factorsmay need to be taken into account

(Holland et al., 2016). Finally, it is important to acknowledge thepotentially important

recessionary forces related to pandemics. Whileeconomic downturnsmay justify somerelaxation

of environmental policiesbased on costsand beneÞts, such relaxation should in principlenever be

arbitrary, asdiscussed in Annicchiarico et al. (2021). That is, environmental policiesshould

ideally include from their implementation rules that relate to businesscycles, so that regulators tie

their handsand potentially arbitrary rollbacks, asobserved following theonset of theCOVID-19

outbreak, can beavoided. Such rulesmay also need to account for the fact that pandemic-related

recessionsmay bedifferent from other recessionssince, as thispaper shows for COVID-19, local

air pollution increases thepandemicÕsseverity.

3.7 Conclusion

Thenovel Coronavirushascaused millions of deathsand severeeconomic damageacross the

world. Thecommon experienceof many countriesshowed that a trade-off existsbetween the

speed at which economic activity is relaunched and the risk of further casesand deaths. This

trade-off isusually described asbetween two important but conßicting goals: jobs and economic

recovery on oneside, and limiting casesand deathson theother. Our paper addsonedimension to

this trade-off, pointing to an untapped potential to limit severecasesand deathswhilesustaining

economic recovery. Our study shows that theobserved trade-off between the two aforementioned

desirablegoalscan be relaxed by keeping contemporaneousair pollution at low levels,

contributing to a recent stream of causal studies pointing to similar relationships between local air

pollution and COVID-19 outcomes, such asPersico and Johnson (2021) and Isphording and

Pestel (2021).
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In particular, our study Þndsstrong evidence that contemporaneousair quality almost

immediately affects theseverity of COVID-19 illness. According to our results, aoneµg/ m3

increase in PM 2.5 (about 15% of theaverageconcentration of PM 2.5) increases thenumber of

conÞrmed casesby roughly 2% and deathsby 4% from themean daily incidence in acounty. Our

results rely on arguably exogenousvariation in wind direction and are robust to awidevariety of

speciÞcations. Furthermore, weestimateapositiveand signiÞcant relationship between PM 2.5

and COVID-19-related hospitalizations, intensivecareunit use, and ventilator use. Overall, our

study implies a role for policiesaimed at lowering pollution in addressing pandemics. Further,

our Þndingsspeak to thegeneral relationship between exposure to PM 2.5 and human health, in

particular concerning respiratory issues. They provideadditional justiÞcation for optimally

regulating local air pollution.

Finally, our study also paves theway for additional causal research in this space. First, while

our analysisprovides evidenceof a relationship between PM 2.5 exposureand COVID-19 cases,

hospitalizations, useof intensivecareunits, useof ventilators, and mortality, estimatesobtained

with our model aresometimesstatistically imprecise. This is especially true for demographic

breakouts such asage, sex, and raceor ethnicity groups. It isalso often difÞcult to ascertain the

timelineof air pollutionÕs impact on COVID-19 caseprogression. Future research may combine

data from many countriesand longer periods to shed more light on thisquestion. Such research

may also makeuseof more-complete individual health records to explore issuesof inconsistent

reporting, diseaseprogression, or environmental justiceconcerns in theextent to which pollution

drives inequity in COVID-19 mortality. Such research may also explore the roleof long-term

exposure to pollution, which our study doesnot analyzeand theepidemiological literature

assesses in correlational terms. Doing so would add to a recent stream of research on the roleof

placeon health (Banzhaf et al., 2019; Deryuginaand Molitor, 2021). Further, thereseems to be

room for randomized interventions to improveair quality in hospital rooms in thecontext of

pandemics. Second, whileour study providesdescriptiveevidenceon potential interesting

dimensionsof heterogeneity, the role that additional factors such asmask wearing, vaccine
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uptake, and compliancewith social distancing may have in potentially mitigating the relationship

between PM 2.5 and COVID-19 outcomes largely remains to beexplored. Third, the

above-mentioned strand of literatureapplying causal models to examine the relationship between

air pollution and COVID-19 outcomeshasso far focused on developed countriesonly. However,

such relationship may beeven stronger in contextswherepollution levels tend to behigher and

very volatileas well aswherehealthcaresystemsmay beunable to offer thesamequality and

quantity of services. Consistently, thescope for randomization may beeven larger in such

contexts.
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Appendix A. Chapter I Additional Mater ial

A.1 Additional Tables

TableA.1: Taxeson Covered FuelsBeforeand After theCreation of theCarbon Tax

12 months before thecarbon tax 12 months after thecarbon tax

Gasoline
Excise: Gasoline tax (national) and sur-
charge (local)

Excise: Gasoline tax (national) and sur-
charge (local)
VAT: Over the price at the pro-
ducer/importer (19%), and the margin to
thewholesaledistributor (19%)
Carbon tax: CO$15k per mtCO2 of the
pure fuel and depending on its emission
factor

Diesel
Excise: Diesel tax (national) and sur-
charge (local)

Excise: Diesel tax (national) and sur-
charge (local)
VAT: Over the price at the pro-
ducer/importer (19%), and the margin to
thewholesaledistributor (19%).
Carbon tax: CO$15k per mtCO2 of the
pure fuel and depending on its emission
factor

Kerosene
VAT: Over the price at the pro-
ducer/importer (16%)

VAT: Over the price at the pro-
ducer/importer (19%)
Carbon tax: CO$15k per mtCO2 de-
pending on its emission factor

Jet Fuel -
National
production

VAT: Over the price at the pro-
ducer/importer (16%)

VAT: Over the price at the pro-
ducer/importer (19%)
Carbon tax: CO$ 15k per mtCO2 de-
pending on its emission factor

Jet Fuel -
Imported

VAT: Over the price at the pro-
ducer/importer (16%)

VAT: Over the price at the pro-
ducer/importer (19%)
Carbon tax: CO$15k per mtCO2 de-
pending on its emission factor

Fuel Oil
VAT: Over the price at the pro-
ducer/importer (16%)

VAT: Over the price at the pro-
ducer/importer (19%)
Carbon tax: CO$15k per mtCO2 de-
pending on its emission factor
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TableA.1: Taxes on Covered FuelsBeforeand After theCreation of theCarbon Tax (cont)

12 months before thecarbon tax 12 months after thecarbon tax

Natural Gas
(For petroleum
reÞnement
industry)

None
Carbon tax: CO$15k per mtCO2 de-
pending on its emission factor

LiqueÞed
petroleum gas
(Industry use)

None
Carbon tax: CO$15k per mtCO2 de-
pending on its emission factor

Notes: The tablepresents the tax charges for thesale/consumption of fuelscovered by theColombian Carbon Tax the
year beforeand theyear after the introduction of the tax. Source: Mady by theauthor based on data from Law
1819-2016, theColombian Department of Energy and Mines (Ministerio deMinas y Energ«õaÐMINENERGIA), and
theNational Petroleum Company - Ecopetrol.
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TableA.3: DescriptiveStatistics SICOM Data

Variables

Non Exempted Exempted

(1) (2) (3) (4)
Before After Before After

Diesel 535,942.7 484,970.7 122,580.2 142,413.3
[2,838,662] [2,125,098] [201,958.9] [208,931.6]

Avgas 944.8 881.1 3,602.4 3,171.4
[13,563.8] [12,925.1] [17,431.2] [17,170.7]

Fuel Oil 16,130.6 11,631.7 0 11.4
[251,741.2] [199,587.7] [0] [180]

Gas (reg) 485,680.4 489,156.1 231,956 261,620.2
[3,096,117] [2,651,292] [400,064.3] [393,216.5]

Gas (sup) 14,896.8 14,258.4 1,815.1 1,833.7
[131,312.8] [120,799.2] [8,627.7] [9,003.5]

Jet Fuel 118,517.5 83,953.4 5,533.2 9,311.4
[2,348,437] [1,820,082] [19,412.5] [35,936.7]

Kerosene 501.2 419.4 0 0
[12,825.5] [12,223.1] [0] [0]

Notes: Tablepresentsmean and standard deviationsof the fuels reported in theSICOM database, beforeand after

the introduction of the regional exemptions. Quantitiesmeasured in gallons. Standard deviationsare reported in

squarebrackets. Thebeforeperiod corresponds to 2018q1 up to 2019q4, while theafter corresponds to 2020q1 up

to 2021q4. reg: Regular, sup: Supreme.

160



TableA.4: Percentageof Energy Coming from each Liquid Fossil Fuel in SICOMÕsReports

Variables Non Exempted Exempted
Diesel 44.9 37.9

[20.2] [20.9]
Avgas 0 0.3

[0.2] [1.4]
Fuel Oil 0.6 0

[6.1] [0]
Gas (reg) 53.6 61.1

[20.5] [21.2]
Gas (sup) 0.4 0.1

[0.9] [0.3]
Jet Fuel 0.5 0.6

[4.5] [2.3]
Kerosene 0 0

[0.4] [0]

Notes: The tablepresents theaverageand standard deviationsof theparticipation of each fuel in themunicipality

supply of energy from theSITCOM fuels. Values in percentagepoints. Standard deviationsare reported in square

brackets. Thebeforeperiod corresponds to 2018q1 up to 2019q4, while theafter corresponds to 2020q1 up to

2021q4. reg: Regular, sup: Supreme.
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TableA.5: Reduction in Total Emissionsand Emissions from Coal Consumption for Different
Initial Rates for theColombian Carbon Tax in Gomez-Mahecha (2023b)ÕsModel

(
Total Emis. Coal Emis.

No exemp. Coal exemp. No exemp. Coal exemp.
0.0 0.0 0.0 0.0 0.0
0.25 -1.762 -1.27 -1.998 -0.02
0.5 -3.362 -2.423 -3.82 -0.039
0.75 -4.83 -3.48 -5.491 -0.059
1.0 -6.184 -4.456 -7.033 -0.078
1.25 -7.442 -5.363 -8.464 -0.098
1.5 -8.616 -6.21 -9.796 -0.118
1.75 -9.716 -7.005 -11.042 -0.137
2.0 -10.752 -7.754 -12.211 -0.157
2.25 -11.729 -8.463 -13.312 -0.177
2.5 -12.655 -9.134 -14.351 -0.196
2.75 -13.534 -9.772 -15.335 -0.216
3.0 -14.37 -10.381 -16.269 -0.236

Notes: The tablepresents theestimatesof Gomez-Mahecha (2023b)ÕsCGE model on the total emission from the

useof fossil fuels, and theemissionscoming from theuseof coal, for different carbon tax rates (#). Ratesare

measureasproportion of the introductory carbon tax rateback in 2017, so that results for # = 1 correspond to the

effect for a tax rateof US$5/ tCO2 (COP15, 000/ tCO2). Effectsaremeasured asapercentageof theemissions

before the introduction of the tax (emissionsat thebaseline).
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A.2 Additional Figures

FigureA.1: Colombian Carbon Tax Tariffs - COP vs. USD

Notes: Annual rateof thecarbon tax in Colombian Pesos (COP) and US dollars (USD). Calculations in USD are

madewith theaverageofÞcial exchange rateof thecorresponding year, except for 2022, which uses the rate for the

resolutionÕsexpedition day (Jan, 28th, 2022). Source: Madeby theauthor based on information from

DIAN.gov.co.
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FigureA.2: Colombian Carbon Tax Revenues - COP vs. USD

Notes: Madeby theauthor based on information from MINHACIENDA (2022). Calculations in USD aremade

with theaverageofÞcial exchange rateof thecorresponding year.
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A.3 SDID Estimators for Unit and TimeWeights

In thecaseof one treated unit (unit i = 1), unit weightsaredeÞned as öwSD I D such that,

( öwSD I D
0 , öwSD I D ) = argmin

(wS D I D
0 ,wS D I D )

)
)
) Z1 #

,
wSD I D

0 + wSD I D áZ0

. )
)
)

2

2
+ -

)
)
) wSD I D

)
)
)

2

2

s.t. wSD I D
i ! 0 %i ( 1, ..., N0

N0"

i = 1

wSD I D
i = 1 (1.2)

where - isapredeÞned and theoretically motivated regularization parameter. Theperiod weights

(#SD I D
t ) isdeÞned instead as

(ö#SD I D
0 , ö#SD I D ) = argmin

(&S D I D
0 ,&S D I D )

)
)
)
)

1
T1

i T1 áY0,T1 #
,
#SD I D

0 + #SD I D áY0,T0

. )
)
)
)

s.t. #SD I D
t ! 0 %t ( 1, ..., T0

T0"

t= 1

#t = 1 (1.3)
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Appendix B. Chapter I I Additional Mater ial

B.1 Additional Tables

TableB.1: Good and ServicesClassiÞcation: Model Grouping Vs. National Accounts

ModelÕs
reduced
aggregation

ModelÕs full
aggregation

Sectors in national accounts (CPC code adapted to
Colombia) 1

Coal Coal Coal and lignite; peat (11), Coke and semi-coke of
coal, of ligniteor of peat; retort carbon (330100)

Petroleum based
fuels

Liquid fossil fuels Motor spirit (gasolene), including aviation spirit
(330201), Ethanol and Motor spririt mix (330202),
Spirit type (gasolene type) jet fuel, Kerosene and
kerosene type jet fuel, Gas oils, Fuel oils n.e.c.
(330203), Biodiesel mix (330205)

Gaseous fossil
fuels

Natural gas, liqueÞed or in thegaseousstate(120002),
Petroleum gases and other gaseous hydrocarbons, ex-
cept natural gas (330206), Gas distribution through
mains (on own account) (690002)

Electric Energy Electric Energy Electricity, town gas, steam and hot water (17), Sup-
port services to electricity, gas and water distribution
(8603)

Low polluters Farming and crops Products of agriculture, horticulture and market gar-
dening (01)

Livestock Live animals and animal products (excluding meat)
(02)

Silviculture Forestry and logging products (03)

Fishing Fish and other Þshing products (04)

Machinery General-purposemachinery (43), Special-purposema-
chinery (44), OfÞce, accounting and computing ma-
chinery (45), Electrical machinery and apparatus (46),
Radio, television and communication equipment and
apparatus (47), Medical appliances, precision and op-
tical instruments, watches and clocks (48), Transport
equipment (49)

Construction Constructions (53), Construction services (54)
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TableB.1: Good and servicesclassiÞcation: Model grouping Vs. National Accounts (cont)

ModelÕs
reduced
aggregation

ModelÕs full
aggregation

Sectors in national accounts (CPC code adapted to
Colombia) 1

Commerce Wholesale and retail trade services (61 + 62), Ac-
commodation, food and beverageservices(63), Main-
tenance, repair and installation (except construction)
services (87)

High Polluters Petroleum Petroleumoilsandoilsobtained frombituminousmin-
erals, crude, Bituminous or oil shale and tar sands
(120001)

Mining Metal ores (14), Stone, sand and clay (15), Other
minerals (16), Radioactive elements and isotopes and
compounds; alloys, dispersions, ceramic products and
mixtures containing these elements, isotopes or com-
pounds; radioactive residues; Fuel elements (car-
tridges), for or of nuclear reactors (330300)

Manufactured
foods

Meat, Þsh, fruit, vegetables, oils and fats (21), Dairy
products and egg products (22), Grain mill products,
starchesand starch products; other food products (23)

Industry Beverages (24), Tobacco products (25), Yarn and
thread; woven and tufted textile fabrics (26), Tex-
tile articles other than apparel (27), Knitted or cro-
cheted fabrics; wearing apparel (28), Leather and
leather products; footwear (29), Products of wood,
cork, straw and plaiting materials (31), Pulp, paper
and paper products; printed matter and related articles
(32), Basic chemicals (34), Other chemical products;
man-made Þbres (35), Rubber and plastics products
(36), Glass and glass products and other non-metallic
products n.e.c. (37), Furniture; other transportable
goods n.e.c. (38), Wastes or scraps (39), Basic met-
als (41), Fabricated metal products, except machinery
and equipment (42).
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TableB.1: Good and servicesclassiÞcation: Model grouping Vs. National Accounts (cont)

ModelÕs
reduced
aggregation

ModelÕs full
aggregation

Sectors in national accounts (CPC code adapted to
Colombia) 1

Petrochemicals Other light/medium petroleum oils and light/medium
oils obtained from bituminous minerals (other than
crude or kerosene); light/medium preparations n.e.c.,
Lubricating petroleum oils and oils obtained from bi-
tuminous minerals, other heavy petroleum oils and
heavy oils obtained from bituminous minerals (other
than crude), and heavy preparations n.e.c., containing
not less than 70% by weight of petroleum oils or oils
obtained from bituminousminerals(other than crude),
these oils being the basic constituents of the prepara-
tions (330204), Petroleum jelly; parafÞn wax, micro-
crystalline petroleum wax, slack wax, ozokerite, lig-
nite wax, peat wax, other mineral waxes, and simi-
lar products; petroleum coke, petroleum bitumen and
other residues of petroleum oils or of oils obtained
from bituminousmaterials (330207)

Transportation Passenger, freight transport services; rental servicesof
transport vehicles with operators (64 + 65 + 66), Sup-
porting transport services (67)
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TableB.1: Good and servicesclassiÞcation: Model grouping Vs. National Accounts (cont)

ModelÕs
reduced
aggregation

ModelÕs full
aggregation

Sectors in national accounts (CPC code adapted to
Colombia) 1

Services ÓNatural water (18), Postal and courier services (68),
Electricity transmission and distribution (on own ac-
count) (690001), Water distribution (on own account)
(690003), Financial and related services (71), Real
estate services (72), Leasing or rental services with-
out operator (73), Research and development ser-
vices (81), Legal and accounting services (82), Other
professional, technical and business services (83),
Telecommunications, broadcasting and information
supply services (84), Support services (85), Support
services to agriculture, hunting, forestry and Þshing
(8601), Support services to mining (8602), Manufac-
turing services on physical inputs owned by others
(88), Other manufacturing services; publishing, print-
ing and reproduction services; materials recovery ser-
vices (89), Public administration and other services
provided to the community as a whole; compulsory
social security services (91), Education services (92),
Human health and social care services (93), Sewage
and wastecollection, treatment and disposal and other
environmental protection services (94), Services of
membership organizations (95), Recreational, cultural
and sporting services(96) Other services(97), Domes-
tic services (98).

Notes: CPC: Central Product ClassiÞcation. For detailson theUnited NationsclassiÞcation, seeUN Statistics

Division (2006). For theColombian version, seeDANE (2020).
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TableB.4: ExogenousExports-Domestic Transformation Elasticity (! E x
X i ) and Armington

Substitution Elasticity (! M
X i ) in theModel

Commodity i ! E x
X i

1 ! M
X i

2 Sources3

Coal 3.5 3.5

¥ SDAS and DNP (2012)4: 3.5
(power-mining)

¥ Bussolo et al. (1998)5: 2 (manufactured
goods)

¥ DNP (2015b)6: 4 (carbon)

¥ Burniaux et al. (1992)7: 3 (coal mining)

Liquid fossil fuels 3.5 3.5

¥ SDAS and DNP (2012): 3.5
(power-mining)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 2.09 (ref petrol)

¥ Burniaux et al. (1992): 4 (reÞned old
products)

Gaseous fossil
fuels

3.5 3.5

¥ SDAS and DNP (2012): 3.5
(power-mining)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 4 (natural gas)

¥ Burniaux et al. (1992): 4 (Natural gas)

Electric Energy 2.7 2.7

¥ SDAS and DNP (2012): 1.1 (energy)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 2.7 (electricity)

¥ Burniaux et al. (1992): 4 (electricity
dist.)

173



TableB.4: ExogenousExports-Domestic Transformation Elasticity (! E x
X i ) and Armington

Substitution Elasticity (! M
X i ) in themodel (cont)

Commodity i ! E x
X i

1 ! M
X i

2 Sources3

Farming and crops 3 3

¥ SDAS and DNP (2012): 3 (agriculture)

¥ Bussolo et al. (1998): 3 (agricultural
goods)

¥ DNP (2015b): 3 (agriculture)

¥ Burniaux et al. (1992): 3 (agriculture)

Livestock 3 3

¥ SDAS and DNP (2012): 3 (livestock)

¥ Bussolo et al. (1998): 3 (agricultural
goods)

¥ DNP (2015b): 3 (livestock)

¥ Burniaux et al. (1992): 3 (agriculture)

Silviculture 3 3

¥ SDAS and DNP (2012): 3 (silviculture)

¥ Bussolo et al. (1998): 3 (agricultural
goods)

¥ DNP (2015b): 3 (agriculture)

¥ Burniaux et al. (1992): 3 (agriculture)

Fishing 3.5 3.5

¥ SDAS and DNP (2012): 3 (Þshing)

¥ Bussolo et al. (1998): 3 (agricultural
goods)

¥ DNP (2015b): 3 (livestock)

¥ Burniaux et al. (1992): 3 (agriculture)

Petroleum 3.5 3.5

¥ SDAS and DNP (2012): 3.5
(power-mining)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 5 (petroleum)

¥ Burniaux et al. (1992): , (crudeoil)
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TableB.4: ExogenousExports-Domestic Transformation Elasticity (! E x
X i ) and Armington

Substitution Elasticity (! M
X i ) in themodel (cont)

Commodity i ! E x
X i

1 ! M
X i

2 Sources3

Mining 4 4

¥ SDAS and DNP (2012): 4 (mining)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 3.5 (clinke)

¥ Burniaux et al. (1992): 4 (Coal mining),
2 (energy intensive)

Manufactured
foods

3 3

¥ SDAS and DNP (2012): 3 (food)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 3.5 (industry)

¥ Burniaux et al. (1992): 2 (energy
intensive)

Industry 3.5 3.5

¥ SDAS and DNP (2012): 3
(manufacture)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 3.5 (industry)

¥ Burniaux et al. (1992): 2 (energy
intensive)

Petrochemicals 1.1 1.1

¥ SDAS and DNP (2012): 1.1 (energy)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 3.5 (indust)

¥ Burniaux et al. (1992): 2 (energy
intensive)
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TableB.4: ExogenousExports-Domestic Transformation Elasticity (! E x
X i ) and Armington

Substitution Elasticity (! M
X i ) in themodel (cont)

Commodity i ! E x
X i

1 ! M
X i

2 Sources3

Machinery 2.5 2.5

¥ SDAS and DNP (2012): 2.5
(machinery)

¥ Bussolo et al. (1998): 2 (manufactured
goods)

¥ DNP (2015b): 3.5 (indust)

¥ Burniaux et al. (1992): 2 (other
industries)

Construction 1.1 1.1

¥ SDAS and DNP (2012): 1.1
(construction)

¥ Bussolo et al. (1998): 1.5 (services)

¥ DNP (2015b): 1.1 (indust)

¥ Burniaux et al. (1992): 2 (other
industries)

Commerce 1.1 1.1

¥ SDAS and DNP (2012): 1.1
(commerce)

¥ Bussolo et al. (1998): 1.5 (services)

¥ DNP (2015b): 1.1 (indust)

¥ Burniaux et al. (1992): 2 (other
industries)

Transportation 1.1 1.1

¥ SDAS and DNP (2012): 1.1
(transportation)

¥ Bussolo et al. (1998): 1.5 (services)

¥ DNP (2015b): 1.1 (indust)

¥ Burniaux et al. (1992): 2 (energy
intensive)
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TableB.4: ExogenousExports-Domestic Transformation Elasticity (! E x
X i ) and Armington

Substitution Elasticity (! M
X i ) in themodel (cont)

Commodity i ! E x
X i

1 ! M
X i

2 Sources3

Services 1.1 1.1

¥ SDAS and DNP (2012): 1.1 (services)

¥ Bussolo et al. (1998): 1.5 (services)

¥ DNP (2015b): 1.1 (commerce)

¥ Burniaux et al. (1992): 2 (energy
intensive)

Notes: (1) In themodel, thenational production of good X i is transformed following aCET with elasticity

" E x
X i = 1/

6
&E x

X i " 1
7
, whileconsumption decidesbetween importsand domestic through aCES with elasticity

" M
X i = 1/

6
&M

X i + 1
7
. (2) From Bussolo et al. (1998), importsand exports (positive) elasticitiesareassumed to be

equal. (3) The information from other sources ispresented as follows: [Source]: [positiveelasticity], ([sector

associated with thenumber in thesourcesÕdata]). (4) For SDAS2012, numbersare taken from Table2, p. 11, of their

document. Although there is room for interpretation, it most likely reports thepositiveelasticities. (5) For Bussolo

et al. (1998), numbersarebased on footnote12, p.5, of their document. Authorsare reporting thepositiveelasticities.

(6) For DNP (2015b), numbersarebased on section 1.2, p.6, of their document. Although there is room for

interpretation, it most likely reports thepositiveelasticities. (7) For Burniaux et al. (1992), numbersarebased on

Table14, p. 66, of their document. Weuse thevalue for their parameters for thedomestic-imported CET function.

Authorsare reporting thepositiveelasticities. SectorÕs IDsare in Table1 of their document.
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TableB.5: ElasticitiesProduction Function - Nest Two through Four (! L K E
X i , ! K E

X i , ! E
X i )

! L K E
X i ! K E

X i ! E
X i

Values in themodel 1 0.12 0.1 0.25

Sources
SDAS and DNP (2012)2 0.12, 0.8 0.01, 0.8 0
DNP (2015a)3 0.12, 1.01 0.01, 0.08 0.25, 2
DNP (2015b)4 0.12, 1.01 0 , 0 0 , 0

Burniaux
et al. (1992)5

Coal 0 0 0

Liquid fossil fuels 0 0 0

Gaseous fossil fuels 0 0 0

Electric Energy 0 0,0.8 0.25, 2

Farming and crops 0.12, 1 0, 0.8 0.25, 2

Livestock 0.12, 1 0, 0.8 0.25, 2

Silviculture 0.12, 1 0, 0.8 0.25, 2

Fishing 0.12, 1 0, 0.8 0.25, 2

Petroleum 0 0 0

Mining 0.12, 1 0, 0.8 0.25, 2

Manufactured foods 0.12, 1 0, 0.8 0.25, 2

Industry 0.12, 1 0, 0.8 0.25, 2

Petrochemicals 0.12, 1 0, 0.8 0.25, 2

Machinery 0.12, 1 0, 0.8 0.25, 2

Construction 0.12, 1 0, 0.8 0.25, 2

Commerce 0.12, 1 0, 0.8 0.25, 2

Transportation 0.12, 1 0, 0.8 0.25, 2

Services 0.12, 1 0, 0.8 0.25, 2

Notes: (1) Table reports the (positive) elasticities of each of thenests in theproduction function, where ' L K E
X i = 1/

6
( L K E

X i + 1
7

,

' K E
X i = 1/

6
( K E

X i + 1
7

, and ' E
X i = 1/

6
( E

X i + 1
7

. When no distinction ismade for each commodity i , it is assumed that all have thesame

parameters in their production function. (2) For SDAS and DNP (2012), values are taken from Table2, p. 11, of their document. (3) For DNP

(2015a), values are taken from Section 1.3, p. 6, of thedocument. Although there is room for interpretation, it most likely reports thepositive

elasticities. Note that theSpanish manual of MEG4C saysdifferent values from someof theelasticities. (4) For DNP (2015b), values are taken

from Section 1.4, p.5, of thedocument. Again, there is room for interpretation, but they most likely report thepositiveelasticities. Note that the

Spanish manual of MEG4C saysdifferent values from someof theelasticities. (5) For Bussolo et al. (1998), numbersarebased on Figure1-1, p.4,

of their document. Authors are reporting thepositiveelasticities. (6) For Burniaux et al. (1992), numbers arebased on Table14, p. 66, of their

document. Authors report theequivalent of thenegativeof our modelÕs elasticities, so wechange thesign of their values for this table.
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B.2 Additional Figures

FigureB.1: Colombian Carbon Tax Revenues - COP vs. USD

Notes: Graphic madeby theauthor based on information from MINHACIENDA (2022). Calculations in USD are

madewith theaverageofÞcial exchange rateof thecorresponding year.
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FigureB.2: Total and Renewable Installed Capacity in Electric Generation in Colombia -

Notes: Graphic madeby theauthor based on information from ACOLGEN (2022).

180



Fi
gu

re
B

.3
:

So
ci

al
A

cc
ou

nt
M

at
ri

x
-

B
as

ic
St

ru
ct

ur
e

N
ot

es
:

G
ra

ph
ic

m
ad

e
by

th
e

au
th

or
.

181



Fi
gu

re
B

.4
:

M
od

el
Õs

So
ci

al
A

cc
ou

nt
M

at
ri

x

N
ot

es
:

G
ra

ph
ic

m
ad

e
by

th
e

au
th

or
.

182



FigureB.5: Energy Cost per Unit of Production

Notes: Graphic madeby theauthor, with results from the5comm model, under theno-exemption scenario. The
pricecorresponds to thecost of theenergy composite in each sector pE

X i . All pricesare relative to thenumeraireof
themodel.
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B.3 ModelÕs Detailed Descr iption

B.3.1 Sets, Indices and General Notation

In termsof themathematical program, wecan identify Þvemain sets. TheÞrst two

correspond to theset of energy and non-energy commodities. Theset of energy commodities (F )

is indexed in f , and isof sizenF . Wenamed theset of non-energy asJ , which is indexed by

subscript j , of sizenN F . Theunion of these two corresponds to theset of all commodities in the

economy (X ), indexed in i , and of sizenF + nN F . The fourth set corresponds to asubset of the

energy commodities, which wewill Þnd helpful when introducing thecarbon tax in themodel. It

contains thoseenergy commodities that are fossil fuels, and therefore, they aredirect emitters.

For them, wedeÞne theset D (indexed by subscript d) asasubset of energy goods (D ) F ).

Finally, theÞfth set corresponds to thehouseholdsH , indexed in h and of sizenH .

All goodsare identiÞed by the letter X . Which typeof good weare referring to isdeÞned by

thesubscript. In contrast, superscript usually identiÞes theuseor typeaggregationsof these. For

example, theuseof commodity i for theconsumption of household h is identiÞed by X H h
X i . To

prevent confusion, in most cases, we include thesetÕsname in addition to the index in the

superscript and subscript. A similar notation is used for prices (páá
áá) and someof theparameters.

Variablesareusually identiÞed by lettersof theRoman alphabet, using uppercase for volumeor

nominal valuesand lowercase for prices. Finally, unless explicitly stated, parametersare

determined by Greek letters.

To facilitate thecomprehension of themodel, subsection B.7 has the list of all variablesand

parametersof themodel, and subsection B.6 makesasummary of all the relevant equations in the

model using thesamenumeration as in thedetailed description below.

B.3.2 Production

As amultisectoral model, theproduction sector describes theproduction decisionsof several,

although aggregate, industries. For simplicity, each industry producesexactly onegood.
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Production in themodel isdivided into two typesof goods. TheÞrst set of goods is the

non-energy goodsJ = { 1, ..., nN F } (indexed as j ), and capturealmost all of thegoods/sectors in

theeconomy. Thesecond group correspondsspeciÞcally to energy goods, deÞned by theset

F = { 1, ..., nF } and indexed by f , and captures thegoods in theeconomy that areused to

produceor provideenergy (i.e., heat or electricity). Although the two groupshave thesame

production function, thedifferencebetween the two groups is the tax scheme.

Non-energy goods. Theproposed structureof theproduction function of thenon-energy goods

is intended to capture thesubstitution possibilitiesof theenergy goods. It isbased on thesame

structureproposed for other climatechangepolicy analysismodels, including theColombian

MEG4C and theOECDÕsGREEN models. Theproduction function is represented as a four-nests

production function and is represented by thescheme in FigureB.6.

FigureB.6: Production Function for Non-energy Goods

Notes: Madeby theauthor.

TheÞrst level corresponds to thecombination of theLabor-Capital-Energy aggregate (X L K E
J j )

and theaggregate for other non-energy inputs (X J j ). These two arecombined to form the total

production for non-fuel good X J j following aLeontief production function. Assuch, theproblem

for theproducer can be represented as
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max
X L K E

J j ,X J j

pP
J j áX j # pK L E

J j áX L K E
J j # pX

J j áX J j

s.t. X J j = M in

8
9

:

X L K E
J j

%L K E
J j

,
X J j

%X
J j

;
<

=
(B.1)

wherepP
J j refers to theproducer priceof commodity J j not including production taxes, and pK L E

J j

and pX
J j areaggregateprices (or indexed prices) from theLabor-Capital-Energy aggregateand the

aggregate for other non-fuels, respectively.

Threeequations then describe theoptimal allocation under perfect competition for each

industry/commodity j :

Optimal demands for aggregates:

X L K E
J j = %L K E

J j X J j (B.2)

X J j = %X
J j X J j (B.3)

Zero-proÞt condition:

pP
J j X J j = pL K E

J j X L K E
J j + pX

J j X J j (B.4)

In thesecond level, thereare two nests. TheÞrst describes thenon-energy aggregation for

production with aLeontief function, suggesting that thesegoods are just demanded in aÞxed

proportion of the total output of thegood X J j . In this case, theproducer problem can be

described as

max
{ X J j

J j ! } j ! " J

pX
J j áX J j #

"

j ! ! J

pC
J j ! áX J j

J j !

s.t. X J j = M in

8
9

:

>
X J j

J j !

. J j
J j !

?

j ! ! J

;
<

=
(B.5)

In this case, pC
J j ! correspond to theconsumer priceof thenon-fuel input j #. Again, theallocation

under perfect competition is fully described by the following set of equations

Optimal demands for non-fuel goods j # for the

production of J j :

X J j
J j ! = . J j

J j ! X J j (B.6)
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Zero-proÞt condition: pX
J j X J j =

"

j ! ! J

pC
J j ! X J j

J j ! (B.7)

Thesecond nest corresponds to theaggregation of labor (LJ j ) and thecapital-energy

composite (X K E
J j ). Themodel allowsdeÞning substitution levelsbetween these inputsby settling

aCESproduction function for thisaggregation. In this case, theproducer problem in thisnest can

bewritten as

max
L J j ,X K E

J j

pL K E
J j áX L K E

J j # wC áLJ j # pK E
J j áX K E

J j

s.t. X L K E
J j = / L K E

J j

*

0L K E
J j LJ j %( L K E

J j + (1 # 0L K E
J j )X K E

J j
%( L K E

J j

+ 1
# ! L K E

J j , (B.8)

with / L K E
J j > 0, 0 " 0L K E

J j " 1, and # 1 < 1L K E
J j < , . wC corresponds to thewagepaid by

industriesand pK E
J j corresponds to theprice index of thecapital-energy composite. In this case,

theproducersÕoptimal decision ischaracterized by theFOCs, thedemands for labor and the

capital-energy composite, and thezero proÞt condition.

LJ j

X K E
J j

=

0
0L K E

J j

1 # 0L K E
J j

pK E
J j

wC

1 1
! L K E

J j
+ 1

(B.9)

LJ j =
X L K E

J j

/ L K E
J j

2

@
@
3 0L K E

J j + (1 # 0L K E
J j )

0
(1 # 0L K E

J j )
0L K E

J j

wC

pK E
J j

1 # ! L K E
J j

(! L K E
J j

+ 1)

4

A
A
5

1
! L K E

J j

(B.10)

X K E
J j =

X L K E
J j

/ L K E
J j

2

@
@
3 0L K E

J j

0
0L K E

J j

(1 # 0L K E
J j )

pK E
J j

wC

1 # ! L K E
J j

(! L K E
J j

+ 1)
+ (1 # 0L K E

J j )

4

A
A
5

1
! L K E

J j

(B.11)

pL K E
J j X L K E

J j = wCLJ j + pK E
J j X K E

J j (B.12)

The third level represents thedecision of capital and energy for producing good X J j , that is,

thecompositegood X K E
J j . Again, weare interested in allowing substitutability, so aCES

production function isassumed that depends on the level of capital (K J j ), and an energy

composite (X E
J j ). Theproblem at thisnest can then be represented as
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max
K J j ,X E

J j

pK E
J j áX K E

J j # r C áK J j # pE
J j áX E

J j

s.t. X K E
J j = / K E

J j

*

0K E
J j K J j %( K E

J j + (1 # 0K E
J j )X E

J j
%( K E

J j

+ 1
# ! K E

J j , (B.13)

with / K E
J j > 0, 0 " 0K E

J j " 1, and # 1 < 1K E
J j < , . r C is thecapital rent whilepE

J j in thepriceof

theenergy composite. Again, theoptimal decision on K J j and X E
J j is represented by four set of

equations:

K J j

X E
J j

=

0
0K E

J j

1 # 0K E
J j

pE
J j

r C

1 1
! K E

J j
+ 1

(B.14)

K X j =
X K E

J j

/ K E
J j

2

@
@
3 0K E

J j + (1 # 0K E
J j )

0
(1 # 0K E

J j )
0K E

J j

r C

pE
J j

1 # ! K E
J j

(! K E
J j

+ 1)

4

A
A
5

1
! K E

J j

(B.15)

X E
J j =

X K E
J j

/ K E
J j

2

@
@
3 0K E

J j

0
0K E

J j

(1 # 0K E
J j )

pE
J j

r C

1 # ! K E
J j

(! K E
J j

+ 1)
+ (1 # 0K E

J j )

4

A
A
5

1
! K E

J j

(B.16)

pK E
J j X K E

J j = r CK J j + pE
J j X

E
J j (B.17)

Finally, the fourth level corresponds to combining energy goods to create theenergy

composite. Again, somesubstitutability isallowed by deÞning theproduction of theenergy

compositegood through aCESfunction. Therefore, theproducersÕproblem in the last stage

corresponds to

max
{ X J j

F f }
f " F

pE
J j áX E

J j #
"

f ! F

pC
J j ,F f áX J j

F f

s.t. X E
J j = / E

J j

2

3
"

f ! F

0E
J j ,F f

,
X J j

F f

. %( E
J j

4

5

1
# ! E

J j

, (B.18)

with / E
J j > 0, 0 " 0E

J j ,F f " 1 such that
!

f 0E
J j ,F f = 1 , and # 1 < 1E

J j < , . In contrast to the

consumer price for non-energy goods, thepriceof energy goodsmight changedepending on who
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consumes them, aseach agent might faceadifferent level of coverageon thecarbon tax or

pollution level. Similarly, not all energy goods will be taxed. In this case, PC
A,F f corresponds to

theconsumer pricepaid by agent or industry A of energy good F f . Details on introducing the

carbon tax arediscussed in section B.3.5.

Optimal decisions aredescribed then by threesetsof equations:

X J j
F f !

X J j
F f

=

0
0E

J j ,F f !

0E
J j ,F f

pC
J j ,F f

pC
J j ,F f !

1 1
! E

J j
+ 1

(B.19)

X J j
F f =

X E
J j

/ E
J j

0
0E

J j ,F f

pC
J j ,F f

1 ' E
J j

2

3
"

f ! ! F

*

0E
J j ,F f !

,
pC

J j ,F f !

. ( E
J j

+ ' E
J j

4

5

1
! E

J j

, (B.20)

with ! E
J j = 1

( E
J j + 1 > 0, and

pE
J j X

E
J j =

"

f ! F

pC
J j ,F f X J j

F f (B.21)

Energy goods. graciasAs discussed before, for now, theenergy-goodssector follows thesame

production structureas thenon-energy goods. Assuch, this section lists theequations described

aboveadjusted for theenergy goods.

As discussed before, for now, theenergy-goodssector follows thesameproduction structure

as thenon-energy goods. Assuch, this section lists theequationsdescribed aboveadjusted for the

energy goods.

First level

Production function for each fuel f :

X F f = M in

8
9

:

X L K E
F f

%L K E
F f

,
X F f

%X
F f

;
<

=
(B.22)

Optimal demands for aggregates:

X L K E
F f = %L K E

F f X F f (B.23)

X F f = %X
F f X F f (B.24)
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Zero-proÞt condition for industry/commodity f :

pP
F f X F f = pL K E

F f X L K E
F f + pX

F f X F f (B.25)

Second level - Non-energy goodscomposite

Production function

X F f = M in

8
9

:

>
X F f

X j

. F f
X j

?

j ! J

;
<

=
(B.26)

Optimal demands for non-energy goods:

X F f
J j = . F f

X i X F f (B.27)

Zero-proÞt condition:

pX
F f X F f =

"

j ! J

pC
J j X F f

J j (B.28)

Second level - Labor-Capital-Energy composite

Production function:

X L K E
F f = / L K E

F f

*

0L K E
F f LF f %( L K E

F f + (1 # 0L K E
F f )X K E

F f
%( L K E

F f

+ 1
# ! L K E

F f (B.29)

with / L K E
F f > 0, 0 " 0L K E

F f " 1, and # 1 < 1L K E
F f < , .

FOCs conditions:

LF f

X K E
F f

=

0
0L K E

F f

1 # 0L K E
F f

pK E
F f

wC

1 1
! L K E

F f
+ 1

(B.30)
pL K E

F f X L K E
F f = wCLF f + pK E

F f X K E
F f (B.31)
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Inputsdemands:

LF f =
X L K E

F f

/ L K E
F f

2

@
@
3 0L K E

F f + (1 # 0L K E
F f )

0
(1 # 0L K E

F f )
0L K E

F f

wC

pK E
F f

1 # ! L K E
F f

(! L K E
F f

+ 1)

4

A
A
5

1
! L K E

F f

(B.32)

X K E
F f =

X L K E
F f

/ L K E
F f

2

@
@
3 0L K E

F f

0
0L K E

F f

(1 # 0L K E
F f )

pK E
F f

wC

1 # ! L K E
F f

(! L K E
F f

+ 1)
+ (1 # 0L K E

F f )

4

A
A
5

1
! L K E

F f

(B.33)

Third level

Production function:

X K E
F f = / K E

F f

*

0K E
F f K F f %( K E

F f + (1 # 0K E
F f )X E

F f
%( K E

F f

+ 1
# ! K E

F f (B.34)

with / K E
F f > 0, 0 " 0K E

F f " 1, and # 1 < 1K E
F f < , .

FOCs conditions:

K F f

X E
F f

=

0
0K E

F f

1 # 0K E
F f

pE
F f

r C

1 1
! K E

F f
+ 1

(B.35)
pK E

F f X K E
F f = r CK F f + pE

F f X E
F f (B.36)

Inputsdemands

K F f =
X K E

F f

/ K E
F f

2

@
@
3 0K E

F f + (1 # 0K E
F f )

0
(1 # 0K E

F f )
0K E

F f

r C

pE
F f

1 # ! K E
F f

(! K E
F f

+ 1)

4

A
A
5

1
! K E

F f

(B.37)

X E
F f =

X K E
F f

/ K E
F f

2

@
@
3 0K E

F f

0
0K E

F f

(1 # 0K E
F f )

pE
F f

r C

1 # ! K E
F f

(! K E
F f

+ 1)
+ (1 # 0K E

F f )

4

A
A
5

1
! K E

F f

(B.38)
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Fourth level

Production function:

X E
F f = / E

F f

2

3
"

f ! ! F

0E
F f ,F f !

,
X F f

F f !

. %( E
F f

4

5

1
# ! E

F f

(B.39)

with / E
F f > 0, 0 " 0E

F f ,F f ! " 1 such that
!

f ! ! F 0E
F f ,F f ! = 1 , and # 1 < 1E

F f < , .

FOCs conditions:

X F f
F f !

X F f
F f

=

0
0E

F f ,F f !

0E
F f ,F f

pC
F f ,F f

pC
F f ,F f !

1 1
! E

F f
+ 1

(B.40)
pE

F f X E
F f =

"

f ! ! F

pC
F f ,F f ! X F f

F f ! (B.41)

Inputsdemands:

X F f
F f ! =

X E
F f

/ E
F f

0
0E

F f ,F f !

pC
F f ,F f !

1 ' E
F f

2

3
"

l ! F

*

0E
F f ,F l

,
pC

F f ,F l

. ( E
F f

+ ' E
F f

4

5

1
! E

F f

, (B.42)

TheFirm. TheFirm or enterprise1 isan independent agent, and although it is in chargeof

production, itsproduction activitiesare isolated. In this sense, theÞrm agent hasonly one

remaining task: to collect revenues from theowned capital and government transfers, distribute

dividends, and pay direct taxes. Therefore, theÞrm is fully described by two equations.

Firms income:

YF = r P áK F (B.43)

whereK F correspond to ÞrmÕscapital endowment.

Savings:

SF = YF + TG
F #

"

h! H

DI VH h # DI VROW # DI VG # DTF (B.44)

whereTG
F corresponds to transfers from thegovernment to theÞrms, and DI VH h, DI VROW , and

DI VG corresponds to dividends transferred to household h, foreigners (i.e., rest of theworld -

ROW), and thegovernment, respectively. Weareassuming that dividendsaredistributed between

agents produced by Þrmssuch that

1 This is thenamegiven in theMEG4C model
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DI VH h = * H hDI V (B.45)

DI VROW = * ROW DI V (B.46)

DI VG = * GDI V, (B.47)

with
!

h * H h + * ROW + * G = 1. DTF corresponds to thepayment of direct taxes, deÞned asa

Þxed proportion of theÞrmÕs incomesYF :

DTF = tY
F YF (B.48)

B.3.3 Households

Themodel represent aset H = { 1, ..., h, ..., nH } of households. Thesedemand fuels and

non-fuelsgoods in theeconomy, so they maximize their utility, subject to their budget constraint.

Their incomecorresponds to thepayment for theproduction factors for the rent to theproduction

processand transfersmadeby other economic agents (such as thegovernment and foreigners).

They use this income for threepurposes: savings (SH h), paying direct taxes (DTHH h), and

consuming ({ X H h
X i } i ! X ). In thestatic version of themodel, theconsumerssaveagiven proportion

of their income, given by themarginal propensity for savings, which can bedifferent for different

households. Direct taxesalso comesasapercentageof their income, without considering

government transfers. The remaining part is thedisposable income(Y C
H h), used only for

consumption.

Income for householdsh (YH h) isgiven then by theexpression:

YH h = wP LH h + r P K H h + DI VH h + TROW
H h , (B.49)

whereLH h and K H h corresponds to the labor and capital endowment of household h, DI VH h

corresponds to dividends paymentscoming from theÞrm agent, and TROW
H h refers to transfers

made from theROW to thehousehold. Hence, disposable income is represented by
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Y C
H h = YH h # SH h # DTHH h + TG

H h, (B.50)

whereSH h corresponds to savings, DTHH h representsdirect taxes, and TG
H h transfers from the

government. Savingsand direct transfersare represented as

SH h = , H h YH h (B.51) DTHH h = tY
H h YH h (B.52)

So thehousehold maximizesautility function subject that itsexpensesare, at most, its

disposable income. Assuming aCESutility function, wecan represent theconsumersÕproblem as

theselection of non-fuelsgoods and fuelsgoodsX H h
X i so wecan represent theproblem as:

max
{ X H h

X i } i " X

u(X H h
X i ) = / H h

2

3
"

i ! X

%H h,X i

,
X H h

X i

. %( H h

4

5

1
# ! H h

s.t. Y C
H h !

"

i ! X

pC
F i n,X i X

H h
X i , (B.53)

with 0 " %H h,X i " 1, / H h > 0 and normalized so theutility in thebasescenario isequal to 1,
!

i ! X %H h,X i = 1, # 1 < 1H h < , , and 1H h += 0. pC
F i n,X i corresponds to theconsumer price to

theÞnal demand of good X i , taking into account that the introduction of thecarbon tax later will

change theconsumer pricedepending on who ispurchasing it. Assuch, weknow that for all

non-energy goods (J ) wewill have that pC
F i n,X i = PC

J j , however for someof theenergy goods

(F ), thepricewill changedepending if it ispurchased for intermediateusepC
X i ! ,F f or for Þnal use

pC
F i n,F f .

Given theproposed functional form, theoptimal decisionsof theconsumers arecaptured by

theFOC, thebudget constraint, and their demands:

FOCs:

X H h
X i

X H h
X i !

=

0
%H h,X i

%H h,X i !

pC
F i n,X i !

pC
F i n,X i

1 1
! H h + 1

(B.54)

Budget constraint:

Y C
H h =

"

i ! X

pC
F i n,X i X

H h
xi , (B.55)
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Demands:

X H h
X i =

0
%H h,X i

pC
F i n,X i

1 ' H h Y C
H h

!
i ! X

,
pC

F i n,X i

. 1%' H h
(%H h,X i )

' H h
(B.56)

with ! H h = 1
( H h + 1 > 0.

B.3.4 International Commerce

As in other modelsof thesamenature, international commerce ismodeled through the rest of

theworld (ROW) agent, representing all of ColombiaÕscommercial partners. Thecorresponding

demand from theROW corresponds to theexports, and it can supply goods to themarkets as

imports. TheROW also receivespayments for remuneration on capital and ashareof the

dividends from theÞrms. The traditional Armington framework is implemented where the total

production is transformed to export unitsor domestic supply. Similarly, the total supply of the

good isacombination of importsand domestic supply. Theequilibrium in thenational market is

found where thedemand and domestic supply is equal, and thereareno longer incentives to

import. Themodel assumes that Colombia isasmall economy, so itsexport and import decisions

areaffected by the international price, taken asgiven by theproducers.

TheArmington framework states that theproduction of thenon-fuelsgood and fuelsgoods

(X X i ) is transformed following aconstant elasticity transformation (CET) function. Theproducer

decides thedivision between domestic supply and exports for each of thegoods to maximize their

beneÞts. However, producers can not freely transform production from exports to domestic, as

they areassumed to bedifferent varietiesof thesamegood. This is not only true for somekinds

of goods (e.g., coffee, fruits) but isalso aviablemodeling strategy whereeach sector corresponds

to an aggregation of goods, someof which areexported and othersarenot. Asdescribed by

Assuming aCET function, theproducers solve for theexport quantity (X E x
X i ) and thedomestic

supply (X D S
X i ) such that
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max
X E x

X i ,X D S
X i

,
pE x

X i X
E x
X i + pD S

X i X D S
X i

.
# pP

X i X X i

s.t. X X i = / E x
X i

*

0E x
X i X E x

X i
( E x

X i + (1 # 0E x
X i )X D S

X i
( E x

X i

+ 1
! E x

X i (B.57)

with / E x
X i > 0, 0 " 0E x

X i " 1, and 1 < 1E x
X i < , . In this case, theproducer price including

production taxes ispP
X i , thepriceof theX X i export ispE x

X i , while thepriceof thedomestically

supplied commodity ispD S
X i . Notealso that pP

X i deferred from theproducer pricepP
X i (from

equationsB.4 and B.25) in theproduction taxes, which chargesa tax rate "X i based on the level of

production of industry i (X X i ). Moredetailed on the taxeson section B.3.6.

For each of theproblems, wecan extract aset of equations that fully deÞne thesolution. In

addition to the transformed functionsdescribed in Equation B.57, theoptimal solution is

described by theFOCsand thezero-proÞt conditions:

FOC:

X E x
X i

X D S
X i

=

0
0E x

X i

1 # 0E x
X i

pD S
X i

pE x
X i

1 1

# (! E x
X i

# 1)
(B.58)

Zero proÞt condition:

pP
X i X X i = pE x

X i X
E x
X i + pD S

X i X D S
X i (B.59)

Similarly, theconsumersdecidebetween import and domestic goods through an Armington

Import Aggregation Function. Again imports from thegoods for agiven sector areseen as

imperfect substitutes, and how easily they can beasubstitute is provided by theparameterization

of theaggregation function. In this sense, for agiven demand for goods (QX i ), theconsumers

minimize their expenditures in imported (X M
X i ) and domestic (X D D

X i ) goods, and thepricepaid isa

weighted combination of its import priceand thedomestic price. Alternatively, wecan think of

theaggregation function as theproduction function of aproÞt maximizer retailer that buys from

domestic producersand from theROW following aproduction function with limited substitution.

Aswith thecaseof exports, theproposed model assumesaconstant elasticity substitution (CES)

function, although, in this case, for production. So for each typeof commodity i , wehave that the

objectiveof this retailer is to

196



max
X M

X i ,X
D S
X i

pC
X i QX i # pM

X i X
M
X i # pD D

X i X D D
X i

s.t. QX i = / M
X i

*

0M
X i X

M
X i

%( M
X i + (1 # 0M

X i )X
D D
X i

%( M
X i

+ 1
# ! M

X i (B.60)

with / M
X i > 0, 0 " 0M

X i " 1, and # 1 < 1M
X i < , . In this case, thepriceof theX X i import ispM

X i ,

while thepriceof thedomestically produced commodity ispD D
X i . Also, in thecase for energy

goods (F ) charged with acarbon tax, wewill deÞnepC
F f as theconsumer pricebeforeconsidering

carbon pricing. Becauseof this, theprice is thesame independent of who isconsuming it and

therefore, it might bedifferent from theconsumer pricesdescribed for theproduction sector

pC
X i ,F f and thehouseholdspC

F i n,F f . Wewill comeback to this discussion in section B.3.5.

Again the threesetsof equations that fully describes the import/domestic consumption

decisionsare thecorresponding CES functions, theFOCs, and thezero proÞt condition. TheCES

functionsaredescribed above in Equation B.60, and theother two setsof equationsaregiven by:

FOC:

X M
X i

X D D
X i

=

0
0M

X i

1 # 0M
X i

pD D
X i

pM
X i

1 1
! M

X i
+ 1

(B.61)

Zero proÞt condition:

pC
X i QX i = pM

X i X
M
X i + pD D

X i X D D
X i (B.62)

Finally, the introduction of theROW allows for international saving/debt. Assuch, weneed to

specify thecurrent account balance (CAB) as:

CAB =

0
"

i

e pW E
X i X E x

X i + wCLROW +
"

h

TROW
H h

1

# (B.63)

0
"

i

e pW M
X i X M

X i + r P K ROW + wP LROW + DI VROW + TG
ROW

1

,

where theÞrst part corresponds to ColombiaÕs income for exports ({ X E x
X i } i ! X ) and incomeas

payments to labor demanded by foreigners (LROW ), while thesecond part corresponds to the

paymentsdoneby thecountry to theROW. e corresponds to the real exchange rate, as theexport

and import word prices (PW M
X i and PW E

X i , respectively) aregiven in terms of foreign currency.

K ROW and LROW correspond to thecapital and labor factorsowned by foreignersand used in

197



Colombia, aswell asDI VROW corresponds to theÞrmsÕdividends that belong to theROW.

The introduction of labor demanded and supplied by theROW, i.e. LROW and LROW

respectively, isnot part of other traditional CGEsspeciÞcations. We introduce theseas theSocial

Accounting Matrix for Colombia report them aspart of theaccounts. In both cases, weassume

that theseareexogenous to themodel, and they arepaid/received thesamepayment as the

domestic labor force.

B.3.5 Emissionsand Carbon Tax

Emissions of greenhousegases (GHG) from economic production can begenerated either by

theproduction processor by combustion. TheÞrst onescorrespond to thoseemissions resulting

in thechemical reactionsneeded to build or create theeconomyÕs commodities. Theseare,

therefore, directly connected to the level of production in theeconomy. Thesecond set of

emissionscomes from burning fossil fuels, mainly to createheat. In this case, combustion

emissionsare then directly affected by theamount of fossil fuelsused and produced in the

economy. As theColombian carbon tax is limited to emissionscoming from combustion, this

model ismainly focused on them.

Given this, theemissions in themodel come from theuseof fossil fuels. Aswehave

discussed before, thesearedescribed by theset D, which isasubset of energy goods in the

economy. In general terms, this set contains liquid, gaseous, and solid fuelsderived from coal or

petroleum. Theseare, therefore, theset of goodswhich weexpect should becovered by the

carbon tax. Note that neither electricity nor petroleum areexpected to beconsidered part of this

group. Electricity, for example, is considered an energy good and, therefore, included in set F .

However, theuseof energy isnot adirect emitter. Itsemissionscome instead from itsproduction

processwhen using fossil fuels to create theheat required to generateelectricity. In thecaseof

petroleum, it is not considered an energy good as it is not itself burned and therefore is not a

direct emitter. Instead, petroleum is input in producing petroleum-based fossil fuels, and only

when theseareburned iswhen emissions from combustion aregenerated. Thisdoesnot mean that
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theproduction can not createemissions, but that thesearemainly processemissions and,

therefore, not considered in themodel or in thecurrent design of theColombian Carbon Tax.2

In termsof theproposed model, and given theprevious discussion, emissionscome from

using fossil fuelscommoditiesX D d. Theamount of emissions changed by the fuel type, as

expected, but wealso allow them to changebased on who isusing it. In thiscase, theemissions in

metric tons of CO2 equivalent (CO2eq) from theuseof fossil fuel d for theproduction of

commodity X i (EmissionI nt
X i ,D d) is given by

EmissionI nt
X i ,D d = )I nt

X i ,D d X X i
D d, (B.64)

where )I nt
X i ,D d corresponds to theemission factor, that is, theamount of GHGs in termsof metric

tonsof CO2eq per unit of fuel d, in theproduction of commodity i . Similarly, when used for Þnal

consumption, theemissions from theuseof fossil fuel d isgiven by

EmissionF i n
D d = )F i n

D d

2

3
"

h! H

X H h
D d + X G

D d + X CF
D d

4

5 , (B.65)

where)F i n
D d correspond to theemission factor of fuel d when used for Þnal consumption, excluding

investment in the form of changeon inventories, where isexpected fuelsnot to beburned.

Thereare two features in theproposed model design to beconsidered. First, theemissions

factors in themodel arenot thesameÓchemicalÓemission factors that areused in practice to, for

example, calculate thevalueof thecarbon tax in real life. This isespecially true if themodel is

calibrated with dataon thevalueof transactions (and isalmost theway) instead of physical units.

Hence, these factorshave to bederived by calibration. Second, allowing for differentiated

emissionsdepending on where it isused, reßected in emissions factorschanging by the typeof

use (intermediateor Þnal), will be important if datadoesnot allow to distinguish perfectly

between typesof fuels. Social Accounting Matrices (SAMs) or Supply and UseTables (SUTs) do

2 This is an important distinction with respect to the MEG4C model, where petroleum is considered an energy
good. As we are trying to model the current Colombian carbon tax, which explicitly exempts process emissions, it
makessense to exclude it from energy goods. As there isno clear documentation on how and which typeof emissions
areconsidered in theMEG4C model, wearenot certain of what is the relevanceof including it.
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not generally allow for distinguishing each fossil fuel in theeconomy. For example, thereare

usually no separateaccounts for gasolineand kerosene, but instead, they come together in an

account of liquid petroleum-based fuels. Because these two fuelsmight havedifferent levelsof

chemical emission factors, theuseof theaggregategood in different typesof usemight have

different effectson emissions. Thishigher precision comes at thecost of moredata, available for

theColombian case, but might bedifÞcult to Þnd for other cases. More information on thedata is

discussed in thedatasection in thepaperÕs body.

At theheart of the research question are the tax exemptions on given sectorsand fuels,

creating adistinction between emitted gases and thosecovered by the tax. To consider this case,

wedeÞnecovered emissions, of each fuel d and for each particular use, asEmissions
I nt
X i ,D d and

Emissions
F i n
D d , where

Emissions
I nt
X i ,D d = #I nt

X i ,D d EmissionI nt
X i ,D d (B.66)

Emissions
F i n
D d = #F i n

D d EmissionF i n
D d . (B.67)

In this case, theexemptionsaredeÞned by theparameters #I nt
X i ,D d and Emissions

F i n
D d ,

exogenously deÞned, depending on theparticular policy to besimulated.

Given this proposed design, thecarbon price is then reßected over thepriceof theaggregate

supply of the fossil fuels QD d, so that

pC
X i ,D d = pC

D d + pE mi #I nt
X i ,D d )I nt

X i ,D d (B.68)

pC
F i n,D d = pC

D d + pE mi #F i n
D d )F i n

D d , (B.69)

wherepE mi corresponds to thepriceper ton of CO2eq introduced by the tax. For theother

commodities, thenon-energy goods (J ) and thenon-fuel energy goods, theconsumer pricedoes

not change, and, therefore,

200



pC
X i = pC

X i ! ,X i = pC
F i n,X i %i /( D. (B.70)

given that theemission factor of using thesecommodities is zero. Note that for fuels, under an

emission priceof zero (i.e., pE mi = 0) or under no-coverageof thecarbon tax (i.e.,

#I nt
X i ,D d = 0 %i ( X and #F i n

D da = 0), theconsumer price isagain thesame independent of its use,

and thereforewe return to thepriceschemeof theother non-fuel goods (as in Equation B.70).

Aswill further discussed in section B.3.6, the revenue from thecarbon tax from theuseof fuel

d (CI TD d) isgiven by

CI TD d =
"

i ! X

pE mi #I nt
X i ,D d )I nt

X i ,D d X X i
D d + pE mi #F i n

D d )F i n
D d

,
X H h

D d + X G
D d + X CF

D d

.
(B.71)

= pE mi

0
"

i ! X

Emissions
I nt
X i ,D d + Emissions

F i n
D d

1

(B.72)

CI TD d = pE mi EmissionsD d, (B.73)

whereEmissionsD d corresponds to the total emissions, covered by the tax, coming from fuel d

and is given by

EmissionsD d =
"

i ! X

Emissions
I nt
X i ,D d + Emissions

F i n
D d . (B.74)

In contrast, the total level of emissions of GHGs from burning fuel d (EmissionsD d) isgiven by

EmissionsD d =
"

i ! X

EmissionsI nt
X i ,D d + EmissionsF i n

D d . (B.75)

B.3.6 Government

TheGovernment is represented asaseparateagent in theeconomy that receives incomeand

hasaseriesof expenses. ThegovernmentÕs revenuecomes from taxes (direct and indirect), the

payment of thegovernmentÕscapital, its shareof dividendscollected by theÞrm agent, and

transferences from other countries.

Direct taxeshavebeen represented beforeas they arepaid by theÞrm (represented by DTF

Equation B.48) and households (represented by DTHH h in Equation B.52). Thebasemodel
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represents four typesof indirect taxes: sales taxes, tariffs/dutieson importsand exports,

production taxes, and carbon taxes. Its inclusion createsaseriesof divergencesbetween prices

(on commoditiesand factors) described below.

Starting with the taxeson products, export tariffsaredeÞned by thecomparison of theexports

word price (pW E
X i ) and theexport price received by producers (pE x

X i ), such that theexport world

pricecorresponds to theaftertax price:

pE x
X i (1 + tE x

X i ) = e pW E
X i , (B.76)

where the tE x
X i is thecorresponding export tax rate. In thecaseof imports, the import price (pM

X i )

for any given good corresponds to the import world price (pW M
X i ) adjusted by sales tax and tariffs.

Thereforewecan represent thisas

pM
X i = e pW M

X i (1 + tS
X i ) (1 + tM

X i ), (B.77)

with tS
X i and tM

X i representing thesales and import tax rate, respectively. Finally, thedomestic

price to consumers (pD D
X i ) differs from thedomestic price to producers (pD S

X i ), as the former

includes thesales tax. Thereforewehave that:

pD D
X i = pD S

X i (1 + tS
X i ). (B.78)

Finally, thedistortion created by thecarbon tax hasbeen discussed previously by Equation B.68,

Equation B.69, and Equation B.70.

The revenues for thegovernment, coming from indirect taxes on products, can be then

represented by thosecoming from exports (EI T), imports (M I T), sales tax (SI T), and carbon

tax (CI T). In thecaseof exports, thegovernment revenuecan beeasily identiÞed with

Equation B.76, from which wecan derive that:

EI T =
"

i ! X

pE x
X i X

E x
X i tE x

X i (B.79)
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In contrast, for identifying the revenuescoming from importsand sales taxes, weneed to identify

theÞnal expenditures for any good in theeconomy. From Equation B.62, wecan derive that for

each good:

pC
X i QX i = pD S

X i X D D
X i + (1 + tM

X i ) e pW M
X i X M

X i + tS
X i

,
pD S

X i X D D
X i + (1 + tM

X i ) e pW M
X i X M

X i

.
(B.80)

from wherewecan see that government incomeson imports and sales tax aregiven by:

M I T =
"

i ! X

ePW M
X i X M

X i tM
X i (B.81)

SI T =
"

i ! X

tS
F f

,
PD S

X i X D D
X i + ePW M

X i (1 + tM
X i )X

M
X i

.
. (B.82)

On adifferent case, thegovernment collects taxes from production by charging to the

production sector aproportion of their value. This implies that theproducerÕsprice received to

pay inputs (pP
X i - producer pricebefore tax on production) differs from that considered in the

export/domestic decision described in Equation B.57 (pP
X i thebasic price for good i ). In this case,

each production sector paysa rate ("X i ) of their corresponding production value (pP
X i X X i ). So the

revenuecoming from this tax can bewritten as.

PTT =
"

i ! X

"X i pP
X i X X i , (B.83)

where

pP
X i = pP

X i (1 + "X i ). (B.84)

Finally, asdiscussed in subsubsection B.3.5, thegovernment revenues from theuseof fuel d is

given by CI TD d (seeequation Equation B.73), so that the total revenue from thecarbon tax is

given by

CI T =
"

d! D

pE mi EmissionsD d (B.85)
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Hence, thegovernmentÕs income(YG) can then be represented as:

YG =
"

h! H

DTHH h + DTF + SI T + M I T + EI T + PTT + CI T + DI VG + r P K G, (B.86)

whereDI VG hasbeen described before (seeEquation B.47), and K G correspond to thecapital

endowment of thegovernment.

Thegovernment makes transfers resources to households, Þrms, and theROW. In addition, it

savesand demandsgoods from themarkets. In this case, weconsider transfers and saving as

exogenous (limited or stated by legal requirements), with the rest of the incomeavailable for its

use for goods in theeconomy. Government expenditure (G) is then represented as the remaining

incomeafter

G = YG # SG #

2

3
"

h! H

TG
H h + TG

F + TG
ROW

4

5 (B.87)

For simplicity, weassume that theexpenditureon any good isaÞxed proportion * G
X i , of the

total government expenditure.3 Assuch, wehave that thedemand for non-energy and energy

goods aredescribed by:

X G
X i = * G

X i
G

pC
F i n,X i

, (B.88)

such that
!

i ! X * G
X i = 1.

B.4 Investment

Beforepassing to theequilibrium conditions, wearemissing to describe the investment

decisions. Different economic agentssaveaportion of their incomes, and theseresourcesareused

for investing. Following thestrategy proposed by Decaluw«eet al. (2013), wedistinguish between

investment in the form of change in inventory (X CI
X i ) from grossÞxed capital formation (X CF

X i ).

While theÞrst onecan beeither positiveor negative, the latest can only bepositive. In this case,

3 Following other models, government expenditure is not represented as a utility maximizer agent. However, this
speciÞcation isequivalent to allowing for government to maximizeaCobb-Douglassutility/production function.
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total investment in the form of agiven good i (X I
X i ), corresponds to thesum of these two. While

thechange in inventory isexogenous, theamount of gross capital formation in each good is a

Þxed proportion of the total investment (I T) after discounting thevalueof thechanges in

inventory. Assuch, wehave that the investment decisionsare fully identiÞed by the following

system of equations:

GF CF = I T #
"

i ! X

pC
X i X CI

X i (B.89)

X CF
X i = * I

X i
GF CF
pC

F i n,X i
(B.90)

X I
X i = X CF

X i + X CI
X i (B.91)

Beforeconcluding thespeciÞcation of the investment decision in themodel, it is important to

highlight how it interactswith thecarbon tax. In particular, note that thecarbon tax isnot charged

on thepurchased of fuelswhen the investment is in the form of changes in inventory, whilewhen

used for capital formation, it might becharged.

B.5 Equilibr ium

Themodel represents the interaction of thenF markets for energy goods, nJ markets for

non-energy goods, and the two factorsmarkets (labor and capital). For the factorsmarkets, we

should have that the total demand of each factor isequal to its corresponding endowment. Also,

in theabsenceof taxes on factors, theconsumer and supplier pricesshould beequal. That is:

"

h! H

K H h + K ROW + K F + K G =
"

i ! X

K X i

(B.92)

r C = r P (B.93)

"

h! H

LH h + LROW =
"

i ! X

LX i + LROW (B.94)

wC = wP (B.95)

In thecaseof thegoodsmarket, theonly distinction is that total supply is consolidated in the

Armington compositegoods (i.e., QF f and QX j ). That is, theequilibrium in thenon-energy and

energy markets isgiven when:
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"

i ! ! X

X X i !

X i + X H h
X i + X G

X i + X I
X i = QX i (B.96)

TheArmington model requiresan equilibrium in thedomestic production of each good, such

that:

X D D
X i = X D S

X i (B.97)

Finally, investment and saving have to bebalanced such that:

I T =
"

h! H

SH h + SF + SG # CAB (B.98)
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B.6 List of Equations

Non-energy goods

X L K E
J j = %L K E

J j X J j (B.2)

X J j = %X
J j X J j (B.3)

pP
J j X J j = pL K E

J j X L K E
J j + pX

J j X J j (B.4)

X J j
J j ! = . J j

J j ! X J j (B.6)

pX
J j X J j =

"

j ! ! J

pC
J j ! X J j

J j ! (B.7)

X L K E
J j = / L K E

J j

*

0L K E
J j LJ j %( L K E

J j + (1 # 0L K E
J j )X K E

J j
%( L K E

J j

+ 1
# ! L K E

J j (B.8)

LJ j =
X L K E

J j

/ L K E
J j

2

@
@
3 0L K E

J j + (1 # 0L K E
J j )

0
(1 # 0L K E

J j )
0L K E

J j

wC

pK E
J j

1 # ! L K E
J j

(! L K E
J j

+ 1)

4

A
A
5

1
! L K E

J j

(B.10)

X K E
J j =

X L K E
J j

/ L K E
J j

2

@
@
3 0L K E

J j

0
0L K E

J j

(1 # 0L K E
J j )

pK E
J j

wC

1 # ! L K E
J j

(! L K E
J j

+ 1)
+ (1 # 0L K E

J j )

4

A
A
5

1
! L K E

J j

(B.11)

pL K E
J j X L K E

J j = wCLJ j + pK E
J j X K E

J j (B.12)

X K E
J j = / K E

J j

*

0K E
J j K J j %( K E

J j + (1 # 0K E
J j )X E

J j
%( K E

J j

+ 1
# ! K E

J j (B.13)

K X j =
X K E

J j

/ K E
J j

2

@
@
3 0K E

J j + (1 # 0K E
J j )

0
(1 # 0K E

J j )
0K E

J j

r C

pE
J j

1 # ! K E
J j

(! K E
J j

+ 1)

4

A
A
5

1
! K E

J j

(B.15)

X E
J j =

X K E
J j

/ K E
J j

2

@
@
3 0K E

J j

0
0K E

J j

(1 # 0K E
J j )

pE
J j

r C

1 # ! K E
J j

(! K E
J j

+ 1)
+ (1 # 0K E

J j )

4

A
A
5

1
! K E

J j

(B.16)

pK E
J j X K E

J j = r CK J j + pE
J j X

E
J j (B.17)

X E
J j = / E

J j

2

3
"

f ! F

0E
J j ,F f

,
X J j

F f

. %( E
J j

4

5

1
# ! E

J j

(B.18)

X J j
F f =

X E
J j

/ E
J j

0
0E

J j ,F f

pC
J j ,F f

1 ' E
J j

2

3
"

f ! ! F

*

0E
J j ,F f !

,
pC

J j ,F f !

. ( E
J j

+ ' E
J j

4

5

1
! E

J j

(B.20)
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pE
J j X

E
J j =

"

f ! F

pC
J j ,F f X J j

F f (B.21)

Energy goods

X L K E
F f = %L K E

F f X F f (B.23)

X F f = %X
F f X F f (B.24)

pP
F f X F f = pL K E

F f X L K E
F f + pX

F f X F f (B.25)

X F f
J j = . F f

X i X F f (B.27)

pX
F f X F f =

"

j ! J

pC
J j X F f

J j (B.28)

X L K E
F f = / L K E

F f

*

0L K E
F f LF f %( L K E

F f + (1 # 0L K E
F f )X K E

F f
%( L K E

F f

+ 1
# ! L K E

F f (B.29)

LF f =
X L K E

F f

/ L K E
F f

2

@
@
3 0L K E

F f + (1 # 0L K E
F f )

0
(1 # 0L K E

F f )
0L K E

F f

wC

pK E
F f

1 # ! L K E
F f

(! L K E
F f

+ 1)

4

A
A
5

1
! L K E

F f

(B.32)

X K E
F f =

X L K E
F f

/ L K E
F f

2

@
@
3 0L K E

F f

0
0L K E

F f

(1 # 0L K E
F f )

pK E
F f

wC

1 # ! L K E
F f

(! L K E
F f

+ 1)
+ (1 # 0L K E

F f )

4

A
A
5

1
! L K E

F f

(B.33)

pL K E
F f X L K E

F f = wCLF f + pK E
F f X K E

F f (B.31)

X K E
F f = / K E

F f

*

0K E
F f K F f %( K E

F f + (1 # 0K E
F f )X E

F f
%( K E

F f

+ 1
# ! K E

F f (B.34)

K F f =
X K E

F f

/ K E
F f

2

@
@
3 0K E

F f + (1 # 0K E
F f )

0
(1 # 0K E

F f )
0K E

F f

r C

pE
F f

1 # ! K E
F f

(! K E
F f

+ 1)

4

A
A
5

1
! K E

F f

(B.37)

X E
F f =

X K E
F f

/ K E
F f

2

@
@
3 0K E

F f

0
0K E

F f

(1 # 0K E
F f )

pE
F f

r C

1 # ! K E
F f

(! K E
F f

+ 1)
+ (1 # 0K E

F f )

4

A
A
5

1
! K E

F f

(B.38)

pK E
F f X K E

F f = r CK F f + pE
F f X E

F f (B.36)

X E
F f = / E

F f

2

3
"

f ! ! F

0E
F f ,F f !

,
X F f

F f !

. %( E
F f

4

5

1
# ! E

F f

(B.39)

X F f
F f ! =

X E
F f

/ E
F f

0
0E

F f ,F f !

pC
F f ,F f !

1 ' E
F f

2

3
"

l ! F

*

0E
F f ,F l

,
pC

F f ,F l

. ( E
F f

+ ' E
F f

4

5

1
! E

F f

(B.42)
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pE
F f X E

F f =
"

f ! ! F

pC
F f ,F f ! X F f

F f ! (B.41)

Agents - Firm

YF = r P áK F (B.43)

DI VH h = * H hDI V (B.45)

DI VROW = * ROW DI V (B.46)

DI VG = * GDI V (B.47)

DTF = tY
F YF (B.48)

SF = YF + TG
F #

"

h! H

DI VH h # DI VROW # DI VG # DTF (B.44)

Agents - Households

YH h = wP LH h + r P K H h + DI VH h + TROW
H h
(B.49)

Y C
H h = YH h # SH h # DTHH h + TG

H h (B.50)

SH h = , H h YH h (B.51)

DTHH h = tY
H h YH h (B.52)

X H h
X i =

0
%H h,X i

pC
F i n,X i

1 ' H h Y C
H h

!
i ! X

,
pC

F i n,X i

. 1%' H h
(%H h,X i )

' H h
(B.56)

International Commerce

X E x
X i

X D S
X i

=

0
0E x

X i

1 # 0E x
X i

pD S
X i

pE x
X i

1 1

# (! E x
X i

# 1)
(B.58)

pP
X i X X i = pE x

X i X
E x
X i + pD S

X i X D S
X i (B.59)

X M
X i

X D D
X i

=

0
0M

X i

1 # 0M
X i

pD D
X i

pM
X i

1 1
! M

X i
+ 1

(B.61)

pC
X i QX i = pM

X i X
M
X i + pD D

X i X D D
X i (B.62)

X X i = / E x
X i

*

0E x
X i X E x

X i
( E x

X i + (1 # 0E x
X i )X D S

X i
( E x

X i

+ 1
! E x

X i (B.57)

QX i = / M
X i

*

0M
X i X

M
X i

%( M
X i + (1 # 0M

X i )X
D D
X i

%( M
X i

+ 1
# ! M

X i (B.60)

CAB =

0
"

i

e pW E
X i X E x

X i + wCLROW +
"

h

TROW
H h

1

#

0
"

i

e pW M
X i X M

X i + r P K ROW + wP LROW + DI VROW + TG
ROW

1

(B.63)

Emissions

EmissionI nt
X i ,D d = )I nt

X i ,D d X X i
D d, (B.64)
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EmissionF i n
D d = )F i n

D d

2

3
"

h! H

X H h
D d + X G

D d + X CF
D d

4

5 , (B.65)

EmissionsD d =
"

i ! X

EmissionsI nt
X i ,D d + EmissionsF i n

D d . (B.75)

Emissions
I nt
X i ,D d = #I nt

X i ,D d EmissionI nt
X i ,D d (B.66)

Emissions
F i n
D d = #F i n

D d EmissionF i n
D d . (B.67)

EmissionsD d =
"

i ! X

Emissions
I nt
X i ,D d + Emissions

F i n
D d . (B.74)

Government

EI T =
"

i ! X

pE x
X i X

E x
X i tE x

X i (B.79)

M I T =
"

i ! X

ePW M
X i X M

X i tM
X i (B.81)

PTT =
"

i ! X

"X i pP
X i X X i (B.83)

CI T =
"

d! D

pE mi EmissionsD d (B.85)

SI T =
"

i ! X

tS
F f

,
PD S

X i X D D
X i + ePW M

X i (1 + tM
X i )X

M
X i

.
(B.82)

YG =
"

h! H

DTHH h + DTF + SI T + M I T + EI T + PTT + CI T + DI VG + r P K G (B.86)

G = YG # SG #

2

3
"

h! H

TG
H h + TG

F + TG
ROW

4

5 (B.87)

X G
X i = * G

X i
G

pC
F i n,X i

(B.88)

Investment
GF CF = I T #

"

i ! X

pC
X i X CI

X i (B.89)

X CF
X i = * I

X i
GF CF
pC

F i n,X i
(B.90)

X I
X i = X CF

X i + X CI
X i (B.91)
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Pr ices

pE x
X i (1 + tE x

X i ) = e pW E
X i (B.76)

pM
X i = e pW M

X i (1 + tS
X i ) (1 + tM

X i ) (B.77)

pD D
X i = pD S

X i (1 + tS
X i ). (B.78)

pP
X i = pP

X i (1 + "X i ) (B.84)

pC
X i ,D d = pC

D d + pE mi #I nt
X i ,D d )I nt

X i ,D d (B.68)

pC
F i n,D d = pC

D d + pE mi #F i n
D d )F i n

D d , (B.69)

pC
X i = pC

X i ! ,X i = pC
F i n,X i %i /( D. (B.70)

r C = r P (B.93)

wC = wP (B.95)

Equilibr ium
"

h! H

K H h + K ROW + K F + K G =
"

i ! X

K X i (B.92)

"

h! H

LH h + LROW =
"

i ! X

LX i + LROW (B.94)

"

i ! ! X

X X i !

X i + X H h
X i + X G

X i + X I
X i = QX i (B.96)

X D D
X i = X D S

X i (B.97)

I T =
"

h! H

SH h + SF + SG # CAB (B.98)
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B.7 List of Parametersand Var iables

Parameters
%L K E

X i Leontieff coefÞcient LKE aggregate in theproduction of commodity X i .
%X

X i Leontieff coefÞcient of thenon-energy aggregate in production of X i .
. X i

J j Leontieff coefÞcient of J j in theproduction of X i .
/ L K E

X i Scaleparameter in theLKE aggregateÕsproduction function for X i production.
0L K E

X i Shareparameter in theLKE aggregateÕsproduction function for X i production.
1L K E

X i Rho parameter in theLKE aggregateÕs production function for X i production.
/ K E

X i Scaleparameter in theKE aggregateÕsproduction function for X i production.
0K E

X i Shareparameter in theKE aggregateÕsproduction function for X i .
1K E

X i Rho parameter in theKE aggregateÕsproduction function for X i .
/ E

X i Scaleparameter in theenergy aggregateÕsproduction function for X i .
0E

X i ,F f Shareparameter of energy good F f for theproduction of X i .
1E

X i Rho parameter in theenergy aggregateÕsproduction function for X i production.
* H h Shareof dividendsassign to Household H h.
* ROW Shareof dividendsassign to theROW.
* G Shareof dividendsassign to theGovernment.
tY
F Income tax rateon Þrms.

, H h Household H h propensity to save.
tY
H Income tax rateson household H h.

%H h,X i Shareparameter of X i good in household H hÕsCES utility function
1H h Rho parameter in household H hÕsCES utility function.
/ E x

X i Scaleparameter in theDomestic-Export CET function of good X i .
0E x

X i Shareparameter of exports in theCET function of good X i .
1E x

X i Rho parameter in theDomestic-Export CET function of good X i .
/ M

X i Scaleparameter in theArmington good CES function of good X i .
0M

X i Shareparameter of exports in theCET function of good X i .
1M

X i Rho parameter in theDomestic-Export CET function of good X i .
)I nt

X i ,D d Emission factor fossil fuel Dd when used in theproduction X i .
)F i n

D d Emission factor fossil fuel Dd when used for Þnal consumption.
#I nt

X i ,D d Proportion of emissions from Dd when used in production of X i covered by the tax.
#F i n

D d Proportion of emissions from Dd when used for Þnal consumption covered by the tax.
* G

X i Shareparameter for good X i in thegovernmentÕsexpenditure.
* I

X i Shareparameter for good X i in grossÞxed capital formation.
tE x
X i Tax rateon exportsof good X i .

tM
X i Tax rateon importsof good X i .

tS
X i Sales tax rateof good X i .

"X i Tax rateon valueof product X i .
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Quantity var iables
* Exogenous variables under default closure

X X i Production of good X i
X K L E

X i LKE composite in production of
goodsX i .

X X i Non-energy aggregate in produc-
tion of goodsX i .

X X i
J j Demand of non-energy good J j for

theproduction of goodsX i .
LX i Labor demand for production of

goodsX i .
X K E

X i KE composite in production of
goodsX i .

K X i Capital demand for production of
goodsX i .

X E
X i Energy composite in production of

goodsX K E
X i .

X X i
F f Demand of energy good F f for the

production of goodsX i .
X H h

X i Demand of good X i by household
H h.

X E x
X i Export of goodsX i .

X D S
X i Domestic supply of good X i .

X M
X i Imports of good X i .

X D D
X i Domestic demand of good X i .

QX i Total demand for good X i .
X G

X i GovernmentÕsdemand of good X i .
X CF

X i Useof good X i for grossÞxed cap-
ital formation.

X I
X i Total investment in good X i

*X CI
X i Changein inventoriesof goodsX i .

*K F Capital endowment of Þrms.
*K H h Capital endowment of household

H h.
*K ROW Capital endowment of theROW.
*K G Capital endowment of the govern-

ment.
*LH h Labor endowment of household

H h.
*LROW Labor supply of foreigners.
*LROW ROW demand for labor.

213



Pr icevar iables
* Exogenous variables under default closure

pP
X i Producer price of goods X i before

production taxes.
pP

X i ProducersÕbasic priceof good X i .
pL K E

X i Priceof theLKE composite in pro-
duction of goodsX i .

pX
X i Price of the non-energy aggregate

in production of goodsX j and F f .
pC

X i Consumer price of goods X i , be-
forecarbon taxes.

pC
X i ! ,X i Consumer price of goods X i , after

carbon tax, for intermediate con-
sumers in industry X i#.

pC
F i n,X i Consumer price of goods X i , after

carbon tax, for Þnal users.
pK E

X i Price of the KE composite in pro-
duction of goodsX i .

pE
X i Price of the energy composite in

production of goodsX i .

wC Wagepaid by labor demand.
r C Capital ratepaid by industries.
wP Wage received by labor owners.
r P Capital rate received by capital

owners.
pE x

X i Price to exportsof good X i .
PD S

X i Price to producers of good X i in
thedomestic market.

pM
X i Price to consumersof good X i im-

ported.
pD D

X i Price to consumersof good X i do-
mestically produce.

e Real exchange rate.
*pE mi Price per ton of CO2eq in the car-

bon tax policy.
*pW E

X i International price to exports of
good X i .

*pW M
X i International price to imports of

good X i .

Nominal var iables
* Exogenous variables under default closure

YF FirmÕs income.
SF FirmÕs savings.
DI VH h Dividendspaid to household H h.
DI VROW Dividendspaid to theROW.
DI VG Dividendspaid to thegovernment.
DTF Direct taxes to Þrms.
YH h Household H hÕs income.
Y C

H h Household H hÕs disposable in-
come.

SH h HouseholdsH hÕssavings.
DTHH h Direct taxes on household H h.
CAB Current account balance.
EI T Revenue from indirect taxeson ex-

ports.
M I T Revenuefrom indirect taxeson im-

ports.

SI T Revenue from indirect taxes on
sales.

PTT Revenue from taxeson production.
CI T Revenues from carbon tax
YG GovernmentÕs income.
SG GovernmentÕssavings.
I T Total investment
GF CF Gross Þxed capital formation
*G GovernmentÕsexpenditure.
*DI V Dividends.
*TG

F Government transfers to Þrms.
*TG

H h Government transfers to household
H h.

*TG
ROW Government transfers to foreign-

ers.
*TROW

H h ROW transfers to household H h.
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Emission var iables
EmissionI nt

X i ,D d Emissionsof CO2eq from combustion of fuel Dd in theproduction of com-
modity X i .

EmissionF i n
D d Emissions of CO2eq from combustion of fuel Dd for Þnal consumption.

EmissionD d Total Emissionsof CO2eq from combustion of fuel Dd.
Emission

I nt
X i ,D d Emissionsof CO2eq from combustion of fuel Dd in theproduction of com-

modity X i and covered by thecarbon tax.
Emission

F i n
D d Emissionsof CO2eq from combustion of fuel Dd for Þnal consumption and

covered by thecarbon tax.
EmissionD d Total Emissionsof CO2eq from combustion of fuel Dd, and covered by the

carbon tax.

215



B.8 Construction of theSocial Accounting Matr ix (SAM)

TheSocial Accounting Matrix (SAM) is themain sourceof information for classic

computablegeneral equilibrium as they constituteasummary of theeconomic relation between

themain agents in theeconomy and their economic activity (Kehoe, 1998). Nevertheless, the

construction of thesematrices isusually overlooked by most of theempirical work, even when

usually, the implementation of their corresponding model requires alteration of theSAM

published by modern national statistics departments.

Thisappendix describes theconstruction of theSocial Accounting Matrix for theproposed

model with two objectives. First, asexpected, themodel requires tailored changes to theprovided

matricesby theColombian National Statistics Department (DANE). Thissection describeshow

thematrix distinguishes from thosepublished by DANE and how they arebuilt for thismodel.

Second, thesection is intended to provideguidanceon theconstruction of SAMs for those

incoming to theCGE literature. Thedetailed construction of thematriceshasbeen lost in the long

literatureof SAM-based CGE models, becoming acommon barrier for incoming academicsand

practitioners interested in thesemodels. Therefore, this section might behelpful for thosehaving

questionsabout how to create, interpret and use these tables in aCGE framework.

B.8.1 What Is theSAM and what IsUse for?

TheSAM isaphotograph of thedifferent economic transactions taking placebetween agents

in agiven period, usually ayear (Kehoe, 1998; Marcaand Jiang, 2017; Mainar-Causap«eet al.,

2018; Round, 2003; UN, 2018). Although therearemultiplevariations, acommon structure is

described in FigureB.3. Thisstructurehas theadvantageof having aone-to-one relationship with

each of theexpressions in themodel, as is shown in FigureB.4. It iseasy to see that themain

accounting property of theSAM, where thesum of agiven row must beequal to thesum of the

corresponding column, correspond to themultipleequilibrium conditionsof themodel. Theseare:
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1. Factors payments equal to factors endowment: What Þrmspaid to agents for the rentsof

production factors (e.g., capital and labor) must beequal to the total of factors that they can

offer. This is captured by theequality of the factorsÕrowsand columns in theSAM.

2. Incomeequal Expenditures: For any agent, thesum of its income(row sum) must beequal

to thesum of theagentÕsexpenditure (column sum). This is captured by theequality of the

agentsÕrowsand columns in theSAM.

3. Production with constant returns: Industries produceso that the total sum of production

costs equals the total revenues. This is captured by the industriesÕrows and columns in the

SAM.

4. Marketsclearing: Thevalueof the total domestic supply (i.e., domestic production that has

not been exported and imports) must beequal to thedomestic demand. That is, the

production value for theproducer plus taxeshas to beequal to thevalueof thedemand at

consumer prices. This is captured by theCommoditiesÕrows and columns.

5. International tradeequilibriumcondition: The total valueof national production demanded

by the rest of the (ROW), including taxes, has to beequal to thevalueof theexported

production plusexport tariffs. This is characterized by theCommodities ROWÕsrows and

columns.

6. Investment-savingsconditionsTotal investment must beequal to total savings. This is

captured in theSAM by theAccumulationÕs row and columns.

TheSAM isused in two ways. First, aset of themodelÕsparametersareusually deÞned by

calibration. In this case, each cell in theSAM representseither acombination of priceand

volumevariables in themodel (e.g., consumer prices and household consumption) or anominal

variable (e.g., direct taxes). That is, theSAM provides thevalue for endogenousand exogenous

variables in themodel for agiven period (Kehoe, 1998). Given thesevalues, and after deÞning a

set of assumptionsor convenient normalizationson non-identiÞableparametersand variables, we
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can recover agroup of theparameters in themodel. In thisway, theseparameters takes thevalue

that allow themodel to replicate theobserved values in theSAM. Then, theyear or period of the

SAM will become thebaseyear. As wehavediscussed before, by replicating thevaluesof the

SAM weareguaranteeing that theparameterscan replicatean equilibrium of themodeled

economy. Calibration is themain strategy for identifying traditional computablegeneral

equilibrium models and early DSGE. Its main advantage is itsability to perfectly replicatean

observed equilibrium, and although it hasseveral limitations, it is still thestandard approach in

highly parameterized modelssuch asmulti-sector CGEs.

Second, theSAM usually provides the initial value to thesolution algorithmsuse to solve the

CGE models. Models that do not linearize the formulation, will depend on mathematical

programming algorithms sensible to thestarting point. That is, most of thesealgorithmsare

iterativeso they need an initial value for theendogenousvariables in themodel. TheSAM

provide thesevalues, not only for replicating thebasescenario, but most importantly they arestill

useful for estimating thecounterfactual or policy scenarios, even so theSAM doesnot longer

represent theequilibrium for them.

B.8.2 Building theSocial Accounting Matrix for Colombia

Beforestarting, it is important to highlight when it seems reasonableor necessary to build

SAMs. When possible, theÞrst candidateshould be thematricesbuilt and published by the

national statistical departmentsor other institutions. It is still true that several applications require

modiÞcationsof thestructureof thematrix, however, therearealso some that do not require them

or that they requireonly slight changes. As long as thechangesdo not challenge thebalanceof

thematrix, it might beagood idea to keep working with theofÞcial and publicly availableSAM.

In thecaseof theproposed model, thematrix published by theDANE will not allow for

properly identifying thesizeand relationsof each of the fuel commoditiesof interest in the

model. Therefore, themodiÞcation I will bedescribing herewill be relevant when werequired to

disaggregate industrial/commodity sectors in a form that is consistent with other publicly
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availabledataand themodel requirements. Also, thisstrategy isdesigned for theColombian case,

which hasaccess to relatively detailed Integrated Economic AccountsÐIEAs. The IEAs arepart

of themodern national accountssystem and registered aggregates of themain economic

transactionsbetween pre-deÞned economic agents (e.g., households, Þnancial Þrms, non-Þnancial

Þrms, government, and the rest of theworld) (EU et al., 2009). Assuch, it represents thepart of

theeconomic activity that is not provided by theSupply and Use tables (SUT). Although almost

half of theworld hassome form of Institutional Sector Accounts, thereexist different levelsof

detail (Tabrake, 2022). Therefore, theuseof this strategy in other casesshould beconsidered on a

case-by-casebases.

Given theseconsiderations, aSAM for 2015 wasbuilt in threesteps:

1. Use the Integrated Economic Accounts to build aMacro-SAM matrix.

2. Use thesupply and use tables to determine the intersectoral behavior of theproduction

sector.

3. Balanced the resulting matrix.

Build a Macro SAM. A Macro-SAM isan aggregation of theSAM, that omits the

inter-industrial and the inter-commodity information to report only aggregatevalues (Round,

2003; Miller and Blair, 2009). It isusually stated as theÞrst step for building or modifying any

SAM Dawkinset al. (2001). In thecaseof Colombia, most of the information required for the

Macro-SAM for theyear of interest can be taken from the Integrated Economic Accounts (IEA).

The IEA isoneof the two main classesof accounting accounts in theSystem of National Account

(SNA), intended to report information on the transactions, assets, and liabilities of themain

institutional unitsand sectors (asdeÞned by each country) (EU et al., 2009). It represents the

equivalent of T-accounts for each of the institutional unitsand sectorsof interest. Becauseof its

information on transactionsbetween agents, it becomesan important source for almost all of the

sub-matrices in theSAM (Banerjeeet al., 2016).
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In itsmoregeneral form, the IEA iscomposed of aseriesof accounting accountsgrouped into

threecategories: (1) current accounts, (2) accumulation accounts, and (3) balancesheets.

However, only aset of these is relevant for theMacro-SAM. Theparts that are relevant to our

purposesarepresented in FigureB.7. Thecurrent accountsdeal with production, generation,

distribution, and useof income, and are themain sourceof data for theSAM. Theaccount dealing

with production (account 1 in FigureB.7) highlights the results of theproduction processand the

useof goodsand services for production (intermediateconsumption) (matricesCI, IC, IR, and

RA in FigureB.3), and it isdesigned to show valueadded asoneof themain balancing items in

theSNA (EU et al., 2009). Thedescription of the incomedistribution isdecomposed into three

accounts: (1) primary distribution, (2) secondary distribution, and (3) redistribution in kind. We

will beusing only theÞrst two. Theprimary distribution of incomeaccount showshow value

added isdistributed to labor and capital, government, and property rent. Thisaccount is again

divided into two sub-accounts: (a) thegeneration of incomeaccount (account 2 in FigureB.7)

and (b) theallocation of theprimary account (account 3 in FigureB.7). Assuch, accounts two

and threeprovide information for the factor sub-matrices (AF, FA and FI) and part of the

information for theagentsÕsub-matrices (AA, AC, and AR) of theSAM.

Thesecondary distribution account corresponds to account 4 in FigureB.7, and captures

information on incomeredistribution through transfersmadeby the institutional units considered.

It includes, between others, taxes on incomeand wealth, net social contributions, social transfers

(not in species), and other current transfers. Thebalanceof thisaccount corresponds to the

disposable incomeof each unit, which itsuse isdescribed by theUseof Incomeaccount (account

5 in FigureB.7). This account gathers information on Þnal consumptionsand savingsper

agent/institution. These two accountsareexpected to complete information from almost all the

matricesof theSAM, especially AA, CA, and SA, that gather information on transfers, use, and

savings.

Finally, the last account to beused is theCapital account (number 8 in FigureB.7), which is

part of theaccumulation accountscategory, and provides information on theacquisition of assets.
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Assuch, this informs mainly matrix CS in theSAM, gathering information in gross Þxed capital

formation.

From theColombian case, the IEA for 2015 was reported by theDANE. Following the

international standard, Colombiadistinguishes between households, non-proÞt institutions (NPI),

thegovernment, and Þnancial and non-Þnancial corporations. However, to beused for themodel,

wemust aggregate them into thepredeÞned economic agents. I aggregate theÞrst two as

households and the last two as Þrms. The resulting matrix is reported in TableB.2.

Use thesupply and use tables to determine the intersectoral behavior of theproduction

sector. Asstated before, themacro-SAM isan aggregation of acomplete functional SAM, where

thedetailsof the intersectoral relation areomitted. In the full SAM, columnsand rows

corresponding to the industries, commodities, and commodities in theROW accountsare

subdivided, so each column/row corresponds to either an industry or acommodity in the

represented economy. To get this information, wewill need an additional datasource: theSupply

and Use tables (SUT).

TheSUT arepart of thesecond set of accounts in theSNA, which focuseson establishments,

productsand purposes, and population and employment (EU et al., 2009). In particular, theSUT

described the relationship between industriesand commodities in theeconomy, aswell as the

ßow of theeconomyÕs commodities to produceother commoditiesand to satisfy theÞnal demand

(households, government, the rest of theworld ÐROW, and investment). They are thesuccessors

of themoreknown Input-Output matrices; however, they differ from them as they allow for the

differentiation between commodity and industry. Such differentiation allows representing a

situation wherean industry producesmore than onecommodity or viceversa.

Thebasic structureof theSupply and Use tables is described in FigureB.8 and FigureB.9,

respectively. Thesupply table, or its transposeknown as theMakematrix, answers who is

supplying each of thecommodities (labeled as C and reported in each row), usually identiÞed by

international classiÞcation schemessuch as theCentral Product ClassiÞcation (CPC). Each
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product can then besupplied either by anational industry (labeled as I) or by theROW through

imports. In addition, theSupply matrix differentiatesbetween basic prices (or producer prices)

and purchaser prices (or consumer prices), by adding thecorresponding taxes.4

On theother side, theUse tablesystematizes the information on thedemand side. Thematrix

shows how the total valueof theproduction (qP
C" 1) decomposes into the intermediate

consumptions, householdsand government consumption, exports, and investments. Nevertheless,

as it also has information on intermediateconsumption, it isused to calculate theproductionÕs

value-added in each industry (W1" I ) as thedifferencebetween the total output per industry (gI " 1)

and thesum per industry of the intermediateconsumption.

From FigureB.9, wecan see that there isadirect, almost one-to-one, correspondencebetween

theuse tableand thecommoditiesaccount of theSAM. However, for theSAM to beused for the

proposed model, weneed to specify someother changes to theUsematrix. First, thestructureof

themodel does not differentiatebetween industries and commodities. Equivalently, weare

assuming that onecommodity corresponds to one industry. Although it might bepossible to

model such structure it might createunnecessary complexity in themodel. So, weneed to Þnd an

strategy to map the industries (I ) into commodities (C), so wecan modify the intermediate

consumption and thevalueadded matrices (U and W in FigureB.9) accordingly. Second, once

wedeÞne the intersectoral relation in termsof commodities, wecan isolate thosecommodities

that aredirectly modeled. In thecaseof themodel, for example, weneed to individually identify

the fuelsand energy commodities, from the rest of thegoods in theeconomy.

For theÞrst issue, therehasbeen aseriesof methodologies that allow the transformation of

the input matrix (U) into acommodity-by-commodity matrix (S), so that theelement si ,j can be

interpreted as thevalueof commodity i used to producecommodity j . Similarly, weare looking

to transform thevector of value-added per industry (W) into avalue-added per commodity vector

(W), such that its element wj can be interpreted as the total value-added created in theproduction

4 In the standard structure of the supply matrix, the difference between basic and purchaser prices and consumer
prices isnot only composed of the taxesbut also by themarginsof transport and commerce. As thesearenot modeled
in theproposed model, theseare included instead aspart of the transport and commerce industries.
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of commodity j . In amore formal way, weare looking for amatrix (TI " C ) that projects industries

into commodities, so that:

SC" C = U - T and øw1" C = w - T. (B.99)

This isacommon requirement for most applicationsbased on theSUT (input-output

multipliers, extended input-output, SAM multipliers), so therearealready aseriesof strategies for

doing so. Thesimplest is known as the industry-based technology approach, for which wedeÞne

matrix CC" I as

CC" I = V #- (diag(g))%1 . (B.100)

Wecan Þnd that

T = C#, (B.101)

isavalid projection, where the implicit assumption is that each industry has itsown technology

structure. That is, all commodities in agiven industry use thesameset of inputs (Miller and Blair,

2009). In this case, when deÞning the inputsper output, weuse theproportion of inputs that

correspond to thecommodity of interest based on theproportion of thecommodity value in the

industryÕs total production, which is captured by matrix C, also known as theCommodity Mix

Matrix.5

To identify thecommodities of interest, wemakeuseof theSUT with 6-digits identiÞcation

code for commodities (based on theColombian adaptation of theCPC (DANE, 2020)). From this,

weareable to extract twelvecodes that aregoing to beused for identiÞed four energy products:

Coal, gaseous fossil fuels (natural gasand petroleum gases), liquid fossil fuels (motor gasoline,

diesel, Kerosene, gas oil, etc.), and electric energy. The list of codes and theenergy product it has

been classiÞed to is in TableB.1. All areenergy goods that aresold directly to intermediateor

Þnal users, however theÞrst threeare fossil fuelsand thereforearesusceptibleof been taxed. The

5 For moredetail, pleaseconsult Miller and Blair (2009), chapter 5.
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rest of thecommoditiesareclassiÞed in fourteen additional categories: (1) Farming and crops, (2)

livestock, (3) silviculture, (4) Þshing, (5) petroleum, (6) mining, (7) manufacture foods, (8)

industry, (9) petrochemicals, (10) machinery, (11) construction, (12) commerce, (13)

transportation, and (14) services.

Balancing resulting matr ix. Up to thispoint, thematrix wehaveconstructed uses information

from theabovesources: the IEA and theSUT. As practitioners in the literaturehavecontinuously

exposed it, asmoresourcesareused, it ismoreprobable to get an unbalanced SAM that doesnot

hold itsmain accounting identity, i.e., thesum of rows to beequal to thesum of columns. Even in

our case, and contrary to Cicowiez et al. (2022), we found small, although non-zero,

inconsistenciesbetween theColombian SUT and the IEA, even though both come from thesame

government agency. It is customary to apply an algorithm that will iteratively modify someof the

values in theunadjusted matrix until it getsbalanced, but the information isascloseaspossible to

the real data. Thisdatapre-adjustment, as stated by Dawkinset al. (2001), isadistinguishing

component of theCGE models.

Thereareavariety of algorithms that havebeen used for balancing unadjusted SAMs. The

Þrst option should beby-hand adjustments based on values that researchers Þnd feasible to

change, given their knowledgeof thedataÕs limitations. However, thecomplexity of someof

thesematricescan make thisoption very daunting. Theautomated algorithmsare tools to Þnd an

ÒefÞcient (and cost-effective) way to incorporateand reconcile information from avariety of

sources . . .Ó(Robinson et al., 2001, p.48). There is no preferred method, although somearemore

popular than others. For example, theRASmethod isan iterativemethod highly known and used,

as it hasbeen inherited from the Input-Output literatureand isof low computational demands

(Miller and Blair, 2009). Round (2003) suggested that as long as the required adjustmentsare

minor, wecan expect differencesbetween methods to besmall too, asmost havesomeanalytical

equivalence. Therefore, assuggested by Lemelin et al. (2013), thesealgorithmsareexpected to be

used over SAMs that arealready closed to bebalanced, such isour case.
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Wedecided to follow Robinson et al. (2001) and Lemelin et al. (2013) and balanced the

Colombian SAM through aCross-Entropy (CE) method. This is amathematical programming

approach where thematrix balance isa restriction on aminimization problem. Thenon-zero

valuesof amatrix arechosen so that theadditional amount of information introduced to balance

thematrix isminimized. Theminimand is theKullback-Leibler divergence function, which

measures theÒdistanceÓbetween two probability distributions (theposterior and theprior) in

terms of theexpected information content, i.e., theShannon Entropy of each distribution (Yang,

2018; Lemelin et al., 2013).6 That is, thealgorithm chooses thevaluesof thebalanced SAM, so it

is close in termsof information to theunbalanced matrix. In thecaseof thispaper, weare just

making the least number of changes to theofÞcial dataso that theaccounting identity of theSAM

issatisÞed.

At least three reasons motivated us to use thismethod over theothers. First, in contrast to

other methods that areusually atheoretical, CE uses theprinciplesof information theory to adjust

thedata. Second, compared to other methods, theCE method doesnot requireabalanced SAM,

and it providesaßexibleenvironment to introduce restrictions that other methodscannot. For

example, RASusually only restricts thevalueof columnsand rows. With CE, we introduced the

restrictions from themacro-SAM webuilt in theÞrst step. Assuch, wecould restrict that cells

and sub-matricesof theSAM areconsistent with theaggregatesof themacro-SAM. Finally, as

highlighted by Lemelin et al. (2013), RAScan be rewritten asaparticular caseof theCE method,

mainly when using their formulation.

6 Kullback-Leibler although seemssimilar to adistance function, it isnot as it isnot symmetric.
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FigureB.7: Basic Structureof theEconomic Integrated Accounts (IEA)

Note: Madeby theauthor based on EU et al. (2009)
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FigureB.8: Basic StructureSupply table

Notes: Madeby theauthor based on Miller and Blair (2009), Marcaand Jiang (2017), and UN (2018)

FigureB.9: Basic StructureSupply table

Notes: Madeby theauthor based on Miller and Blair (2009), Marcaand Jiang (2017), and UN (2018)
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B.9 Numer ical SpeciÞcation of theModel under theReduced Aggregation (5comm Model)

The5comm model corresponds to thespeciÞed model in previoussections but uses the

reduced commodity aggregation described in TableB.1. Its reduced number of commodities

makes it easier to explain thesectoral behavior of themodel. However, when changing the

number of sectors, thenumber speciÞcation of theexogenousproduction parameters in themodel

isalso necessary. TableB.6 shows thevalues used for results described in theResults section in

thepaperÕsbody.

TableB.6: Value for ExogenousParameters in the5comm Model

Sector ! E
X i ! K E

X i ! L K E
X i ! E x

X i ! M
X i

Coal 0.25 0.1 0.12 3.5 3.5
Petroleum based fuels 0.25 0.1 0.12 3.5 3.5
Electric Energy 0.25 0.1 0.12 2.7 2.7
Low Polluters 0.25 0.1 0.12 2.5 2.5
High Polluters 0.25 0.1 0.12 3 3
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Appendix C. Chapter I I I Additional Mater ial

C.1 Additional Tables

TableC.1: Summary Statistics ÐAdditional Variables

Mean S.E. Min Max
State-level Policies
Limiting Mass Gatherings 0.240 0.427 0.000 1.000
Social Distancing 0.151 0.358 0.000 1.000
Stay at Home, Quarantine, or Lockdown Orders 0.090 0.286 0.000 1.000
School Closures - Preschool 0.064 0.245 0.000 1.000
School Closures - Primary school 0.122 0.328 0.000 1.000
School Closures - Secondary school 0.124 0.330 0.000 1.000
School Closures - Universities 0.053 0.223 0.000 1.000
Policies to IncreaseTesting 0.088 0.284 0.000 1.000
Policies to CloseStateBorders 0.053 0.225 0.000 1.000
Policies to Clean Public Surfaces 0.020 0.139 0.000 1.000
Curfew 0.033 0.179 0.000 1.000
Information Campaigns 0.050 0.218 0.000 1.000
Declaration of Stateof Emergency 0.309 0.462 0.000 1.000
AdministrativeTask ForceCreated 0.067 0.250 0.000 1.000
Policies to IncreaseAccess to PPE 0.025 0.156 0.000 1.000
Policies to IncreaseHealthcareResources 0.250 0.433 0.000 1.000
Statemask requirement in public 0.516 0.500 0.000 1.000
StateK-12 or childcarepolicy 0.486 0.500 0.000 1.000
State regulation of non-essential businesses 0.408 0.491 0.000 1.000
Statequarantine 0.302 0.459 0.000 1.000
State regulation of religiousestablishments 0.226 0.419 0.000 1.000
State regulation of manufacturing establishments 0.160 0.367 0.000 1.000
State regulation of recreation activities 0.426 0.494 0.000 1.000
County-level Policies
County mask requirement in public 0.007 0.083 0.000 1.000
County K-12 or childcarepolicy 0.004 0.063 0.000 1.000
County reg. of non-essential businesses 0.021 0.144 0.000 1.000
County quarantine 0.066 0.248 0.000 1.000
County regulation of religiousestablishments 0.003 0.055 0.000 1.000
County regulation of manufacturing establishments 0.005 0.071 0.000 1.000
County regulation of recreation activities 0.011 0.104 0.000 1.000
County-level social distancing
Change in averagedistance traveled from baseline -0.166 0.187 -0.857 1.183
Change in visits to non-essential retail and services
from baseline

-0.252 0.430 -1.000 15.927
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TableC.1: Additional Variables (cont)

Mean S.E. Min Max
Rateof uniquehuman encounters per sq km relative
to baseline

4.381 61.317 -1.000 5675.082

2-week lagged aver change in distance traveled -0.161 0.170 -0.776 0.757
2-week lagged averagechange in visits -0.247 0.390 -0.967 12.142
2-week lagged average rateof human encounters 5.014 72.643 -1.000 5447.926
Weather Var iables
Wind Speed (0 to 4) 2.142 1.356 0.000 4.000
Maximum registered temperature (1 to 5) 3.502 1.285 1.000 5.000
Minimum registered temperature (1 to 5) 3.554 1.251 1.000 5.000
Averageprecipitation (1 to 5) 1.274 1.200 0.000 3.000
Other pollutants
Ozone 0.041 0.010 0.000 0.094
Observations 97885
Counties 737

Reported statisticsareat thecounty-day level. Note that only observations in themain speciÞcation are included.
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TableC.2: Summary Statistics - Additional Variables in theCDC SaseSurveillanceData

Mean S.E. Min Max
Sex (1=Female) 0.535 0.499 0.000 1.000

Raceand Ethnicity
American Indian/AlaskaNative, Non-Hispanic 0.004 0.061 0.000 1.000
Asian, Non-Hispanic 0.041 0.198 0.000 1.000
Black, Non-Hispanic 0.216 0.411 0.000 1.000
Hispanic/Latino 0.279 0.448 0.000 1.000
Multiple/Other, Non-Hispanic 0.025 0.156 0.000 1.000
NativeHawaiian/Other PaciÞc Islander,
Non-Hispanic

0.008 0.088 0.000 1.000

White, Non-Hispanic 0.428 0.495 0.000 1.000

Agegroups
0 - 9 Years 0.029 0.167 0.000 1.000
10 - 19 Years 0.074 0.261 0.000 1.000
20 - 29 Years 0.177 0.382 0.000 1.000
30 - 39 Years 0.156 0.362 0.000 1.000
40 - 49 Years 0.147 0.354 0.000 1.000
50 - 59 Years 0.151 0.358 0.000 1.000
60 - 69 Years 0.118 0.323 0.000 1.000
70 - 79 Years 0.077 0.266 0.000 1.000
80+ Years 0.072 0.259 0.000 1.000

Pre-existing medical condition (1=Yes) 0.523 0.499 0.000 1.000

Observations 425,433

Notes: Reported statisticsareat the individual level. Observationsnon-missing in at least oneof theoutcome

variablesare included.
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TableC.3: County Caseand Mortality Incidenceusing CDC CaseSurveillanceRecords

Cases Deaths

(1) (2) (3) (4) (5) (6)

Weighted PM 2.5 0.240*** 0.272*** 0.261*** 0.00602 0.00721* 0.00494
(0.0906) (0.0879) (0.0905) (0.00432) (0.00425) (0.00420)

F Stat 11.23 11.50 11.63 11.23 11.50 11.63
Dep Var Mean 9.880 9.893 9.895 0.305 0.305 0.305
Pct ChangeMean 2.425 2.746 2.641 1.977 2.364 1.621
Controls ! ! ! ! ! !
County & State-by-Week FEs ! !
County and MSA-by-Week
FEs

! !

County and CBSA-by-Week
FEs

! !

Observations 76,111 75,973 75,919 76,111 75,973 75,919

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. Outcomes
aredaily caseor mortality incidenceper 100,000 population at thecounty-day level. Controls includestate-level and
county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week
social distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Displayed
output of a two-stage least squares regression model with county and state-by-week, MSA-by-week, or CBSA-by-
week Þxed effects in which wind direction and air quality monitor cluster interactions are used to predict PM 2.5
levels in acounty on agiven day. F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errors
arenot serially correlated.
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TableC.4: Wind and PM 2.5 IV - ConÞrmed COVID-19 Casesand Deaths (Full Set of
Covariates)

Cases Deaths

(1) (2) (3) (4) (5) (6)
Weighted PM 2.5 0.146** 0.128** 0.133** 0.00918 0.0122** 0.0103*

(0.0684) (0.0647) (0.0659) (0.00571) (0.00600) (0.00600)

Information 0.589 -0.775 -0.874 0.0313 0.0321 -0.111**
Campaigns (0.922) (0.997) (0.888) (0.0449) (0.0536) (0.0541)
School Closures 0.244 0.529 0.709* -0.0334 0.00627 -0.0104
- Universities (0.379) (0.478) (0.425) (0.0399) (0.0339) (0.0365)
School Closures 0.259 0.823** -0.573 -0.00377 -0.0598 -0.0636
- Preschool (0.472) (0.378) (0.805) (0.0621) (0.0501) (0.0943)
School Closures 0.233 0.207 0.969* -0.182** -0.126** -0.0719
- Primary school (0.307) (0.348) (0.506) (0.0744) (0.0588) (0.0625)
School Closures -0.0680 -0.316 0.528 0.00243 -0.0230 0.00704
- Secondary school (0.259) (0.315) (0.343) (0.0169) (0.0201) (0.0228)
Curfew 1.009* 0.880 1.347** -0.000732 -0.0651 -0.0531

(0.593) (0.584) (0.625) (0.0883) (0.0626) (0.0679)
Declaration of 0.176 -0.0664 0.217 0.0895*** 0.0601*** 0.0491**
Stateof Emergency (0.197) (0.281) (0.291) (0.0262) (0.0217) (0.0241)
Policies to -0.483 -0.0588 -0.629 -0.0348 -0.0385 -0.00559
CloseStateBorders (0.463) (0.460) (0.699) (0.0282) (0.0321) (0.0358)
Policies to -2.245*** -0.335 0.309 -0.0537 -0.0773** 0.0763
IncreaseTesting (0.728) (0.587) (0.638) (0.0404) (0.0316) (0.0610)
Policies to 1.245** 0.881 0.358 0.0537 0.00718 0.00459
IncreaseAccess to PPE (0.610) (0.536) (0.981) (0.0437) (0.0353) (0.0356)
Policies to 1.157*** 0.671* 0.216 -0.0890** -0.0758** -0.0755**
IncreaseHealthcare
Resources

(0.336) (0.354) (0.371) (0.0418) (0.0343) (0.0373)

Policies to 0.614 -0.642 -0.176 0.0316 0.0470 0.0226
Clean Public Surfaces (0.626) (0.752) (0.836) (0.0563) (0.0599) (0.0710)
Stay at Home, -0.508* 0.335 -0.977* -0.0515 -0.0648** -0.0707
Quarantine, or
Lockdown Orders

(0.296) (0.361) (0.512) (0.0354) (0.0317) (0.0516)

Administrative -1.128** -2.259*** -2.152** 0.0599 -0.134* -0.108
Task ForceCreated (0.532) (0.787) (0.857) (0.0452) (0.0739) (0.0745)
Other Policy 0.347 -0.337 0.800* 0.00614 -0.0521* 0.0910***

(0.334) (0.476) (0.444) (0.0241) (0.0291) (0.0326)
Restrictions on 0.189 0.520 -0.188 0.0257 0.0494** 0.000315
Businesses (e.g., bars) (0.213) (0.359) (0.241) (0.0175) (0.0227) (0.0203)
Restrictions on 0.0910 0.358 0.371 0.0312 0.0126 0.0220
Government Services (0.260) (0.443) (0.447) (0.0221) (0.0205) (0.0271)
Limiting Mass 0.398 -0.560 -0.543 0.0119 -0.0373 -0.0136
Gatherings (0.356) (0.399) (0.389) (0.0222) (0.0305) (0.0265)
Social -0.405 -0.146 -0.444 -0.00826 0.00818 0.000586
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TableC.4: Wind and PM 2.5 IV ÐConÞrmed COVID-19 Casesand Deaths - All Covariates (cont)

Cases Deaths

(1) (2) (3) (4) (5) (6)
Distancing (0.400) (0.397) (0.390) (0.0179) (0.0210) (0.0223)
Statemask 0.0392 0.415 0.600 0.0432 0.0351 0.0513*
requirement in public (0.381) (0.424) (0.398) (0.0340) (0.0292) (0.0288)
StateK-12 or -0.762 -1.142** -0.711 -0.0506** -0.0673*** -0.0308
childcarepolicy (0.528) (0.476) (0.446) (0.0247) (0.0203) (0.0238)
State reg. of 0.217 0.647 0.0754 -0.00419 0.0450 0.00407
non-essential
businesses

(0.449) (0.462) (0.390) (0.0274) (0.0330) (0.0240)

Statequarantine 0.253 0.349 0.487* 0.0788*** 0.0909*** 0.0718***
(0.250) (0.242) (0.257) (0.0189) (0.0219) (0.0216)

State reg. of 0.337 0.342 0.612 -0.00506 0.0124 -0.000393
religious est. (0.479) (0.396) (0.430) (0.0313) (0.0240) (0.0245)
State reg. of 0.301 -0.140 0.0647 -0.0466 -0.0364 0.00159
manufacturing est. (0.708) (0.519) (0.523) (0.0331) (0.0324) (0.0235)
State reg. of 0.604* 0.586* 0.723** 0.0331 -0.00565 0.0370
outdoor and rec. act. (0.335) (0.335) (0.335) (0.0287) (0.0281) (0.0247)
County mask 6.041* 4.703 6.864* -0.0620 -0.00684 -0.0121
requirement in public (3.217) (3.632) (4.072) (0.0417) (0.0507) (0.0516)
County K-12 or 10.44*** -1.889 1.061 0.733*** 0.306*** 0.428***
childcarepolicy (3.190) (4.581) (4.848) (0.136) (0.112) (0.114)
County reg. of -0.381 0.626 0.336 -0.389*** -0.0773 -0.210***
non-essential
businesses

(2.229) (1.957) (2.297) (0.101) (0.0700) (0.0668)

County 3.215*** 3.090*** 2.497** 0.114*** 0.114*** 0.101***
quarantine (0.948) (1.005) (1.083) (0.0290) (0.0352) (0.0391)
County reg. of -8.010*** -4.078 -5.131* -0.114 -0.165* -0.0509
religious
establishments

(2.802) (3.401) (2.730) (0.181) (0.0851) (0.0722)

County reg. of -7.850** 6.634* 3.571 -1.053*** -0.492*** -0.589***
manufacturing est. (3.254) (3.443) (4.053) (0.210) (0.190) (0.182)
County reg. of -1.854 -0.631 -1.353 0.256*** 0.0646 0.149**
outdoor and rec. act. (1.973) (2.506) (2.723) (0.0965) (0.0655) (0.0706)
2-week lagged -9.066*** -8.830*** -9.623*** -0.485*** -0.328*** -0.375***
aver change in dist
traveled

(2.381) (2.547) (2.601) (0.0884) (0.0933) (0.100)

2-week lagged -0.0666 0.217 0.286 0.00962 0.00107 0.00285
aver. change in visits (1.240) (1.314) (1.305) (0.0128) (0.0115) (0.0130)
2-week lagged 0.000138 0.00387*** 0.00383*** -

0.000299*
0.0000934 0.0000491

aver. rateof human
encounters

(0.00159) (0.000796) (0.000773) (0.000160) (0.0000829) (0.0000820)

F Stat 14.28 14.89 15.13 14.28 14.89 15.13
Dep Var Mean 7.875 7.882 7.882 0.216 0.216 0.216
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TableC.4: Wind and PM 2.5 IV ÐConÞrmed COVID-19 Casesand Deaths - All Covariates (cont)

Cases Deaths

(1) (2) (3) (4) (5) (6)
Pct ChangeMean 1.849 1.627 1.689 4.256 5.646 4.785
Controls ! ! ! ! ! !
County &
State-by-Week FEs

! !

County and
MSA-by-Week FEs

! !

County and
CBSA-by-Week FEs

! !

Observations 97885 97783 97740 97885 97783 97740

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. Controls
includestate-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,
precipitation, prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor
cluster interactions. The tablepresents the regression on the rateof casesand deathsshown in Table3.3 and
Table3.5, following our main speciÞcation, but including thecoefÞcients for all thecontrol variablesnot absorbed by
high dimensional Þxed effects. Displayed output of a two-stage least squares regression model with county and
state-by-week, MSA-by-week, or CBSA-by-week Þxed effects in which wind direction and air quality monitor
cluster interactionsareused to predict PM 2.5 levels in acounty on agiven day. F-statisticsof the relevance test are
computed assuming Þrst-stagestandard errorsarenot serially correlated.
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TableC.5: Wind and PM 2.5 IV ÐConÞrmed COVID-19 Casesacross1, 3, 7, 10, and 14 Day
Periods - County and MSA-by-week Fixed Effect SpeciÞcation

(1) (2) (3) (4) (5)
Same-Day 3-Day Total 7-Day Total 10-Day Total 14-Day Total

Case Incidenceper 100,000
Weighted PM 2.5 0.128** 0.296** 0.249 0.494* 0.220

(0.0647) (0.120) (0.217) (0.278) (0.368)

F Stat 14.89 14.89 14.89 14.89 14.89
Dep Var Mean 7.882 23.808 56.592 81.984 116.895
Pct ChangeMean 1.627 1.244 0.439 0.602 0.188
Controls ! ! ! ! !
County & MSA-by-
Week FEs

! ! ! ! !

Observations 97,783 97,783 97,783 97,783 97,783

Death Incidenceper 100,000
Weighted PM 2.5 0.0122** 0.0153* 0.0470*** 0.0341** 0.0298*

(0.00600) (0.00812) (0.0117) (0.0141) (0.0172)

F Stat 14.89 14.89 14.89 14.89 14.89
Dep Var Mean 0.216 0.650 1.539 2.220 3.153
Pct ChangeMean 5.646 2.362 3.053 1.534 0.944
Controls ! ! ! ! !
County & MSA-by-
Week FEs

! ! ! ! !

Observations 97,783 97,783 97,783 97,783 97,783

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. Controls

includestate-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,

precipitation, prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor

cluster interactions. Displayed output of a two-stage least squares regression model with county and

MSA-by-week Þxed effects in which wind direction and air quality monitor cluster interactionsareused to predict

PM 2.5 levels in acounty on agiven day. Theoutcomes in column (1) aresame-day incidenceof casesor deaths.

Outcomes in column (2) are incidenceof casesor deathsover thesameday and the following two days. Outcomes

in column (3) aredeathsover thesameday and the following ninedays. Outcomes in column (4) are incidenceof

casesor deathsover thesameday and the following thirteen days. All regressionsusesame-day predicted Þne

particulatematter asdependent variable. F-statisticsof the relevance test arecomputed assuming Þrst-stage

standard errorsarenot serially correlated.
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TableC.6: Wind and PM 2.5 IV ÐConÞrmed COVID-19 Casesacross1, 3, 7, 10, and 14 Day
PeriodsÐCounty and CBSA-by-week Fixed Effect SpeciÞcation

(1) (2) (3) (4) (5)
Same-Day 3-Day Total 7-Day Total 10-Day Total 14-Day Total

Case Incidenceper 100,000
Weighted PM 2.5 0.133** 0.292** 0.258 0.502* 0.258

(0.0659) (0.121) (0.212) (0.269) (0.339)

F Stat 15.13 15.13 15.13 15.13 15.13
Dep Var Mean 7.882 23.810 56.599 81.994 116.912
Pct ChangeMean 1.689 1.225 0.455 0.612 0.221
Controls ! ! ! ! !
County & CBSA-by-
Week FEs

! ! ! ! !

Observations 97,740 97,740 97,740 97,740 97,740

Death Incidenceper 100,000
Weighted PM 2.5 0.0103* 0.0133* 0.0458*** 0.0318** 0.0282*

(0.00600) (0.00788) (0.0110) (0.0129) (0.0159)

F Stat 15.13 15.13 15.13 15.13 15.13
Dep Var Mean 0.216 0.650 1.538 2.220 3.153
Pct ChangeMean 4.785 2.043 2.977 1.434 0.895
Controls ! ! ! ! !
County & CBSA-by-
Week FEs

! ! ! ! !

Observations 97,740 97,740 97,740 97,740 97,740

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. Controls

includestate-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,

precipitation, prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor

cluster interactions. Displayed output of a two-stage least squares regression model with county and

CBSA-by-week Þxed effects in which wind direction and air quality monitor cluster interactionsareused to predict

PM 2.5 levels in acounty on agiven day. Theoutcomes in column (1) aresame-day incidenceof casesor deaths.

Outcomes in column (2) are incidenceof casesor deathsover thesameday and the following two days. Outcomes

in column (3) aredeathsover thesameday and the following ninedays. Outcomes in column (4) are incidenceof

casesor deathsover thesameday and the following thirteen days. All regressionsusesame-day predicted Þne

particulatematter asdependent variable. F-statisticsof the relevance test arecomputed assuming Þrst-stage

standard errorsarenot serially correlated.
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TableC.7: Wind and PM 2.5 IV ÐSocial Distancing Control Sensitivity Analysis

(1) (2) (3) (4)
Case Incidenceper 100,000
Weighted PM 2.5 0.102** 0.110** 0.0921* 0.109**

(0.0496) (0.0543) (0.0538) (0.0550)
F Stat 20.92 19.24 19.34 19.00
Dep Var Mean 6.320 7.929 7.908 8.082
Pct ChangeMean 1.620 1.392 1.165 1.347
Controls ! ! ! !
County & State-by-Week FEs ! ! ! !
No SD Controls !
Average3-day SD Controls !
Average7-day SD Controls !
Separate3-day SD Controls !
Observations 128247 97219 97477 95366

Death Incidenceper 100,000
Weighted PM 2.5 0.0115*** 0.00863* 0.00790* 0.00773

(0.00368) (0.00468) (0.00465) (0.00484)
F Stat 20.92 19.24 19.34 19.00
Dep Var Mean 0.169 0.217 0.217 0.221
Pct ChangeMean 6.769 3.974 3.646 3.489
Controls ! ! ! !
County & State-by-Week FEs ! ! ! !
No SD Controls !
Average3-day SD Controls !
Average7-day SD Controls !
Separate3-day SD Controls !
Observations 128247 97219 97477 95366

Notes: " p < 0.1, " " p < 0.05, " " " p < 0.01. Standard errorsclustered at thecounty level in parentheses. Controls

includestate-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,

precipitation, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Displayed output of a

two-stage least squares regression model with county and state-by-week Þxed effects in which wind direction and

air quality monitor cluster interactionsareused to predict PM 2.5 levels in acounty on agiven day. This table

reportsestimates testing thesensitivity of our results to different conÞgurationsof social distancing controls.

Column (1) reportsour primary speciÞcation without any social distancing controls. Column (2) isaprior 3-day

averageof the threesocial distancing controls. Column (3) isaprior 7-day averageof thesocial distancing

controls. Column (4) includesseparatesocial distancing variables for each day from t " 1 to t " 3, where these

controlsarenot averaged. F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsare

not serially correlated.
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TableC.8: Wind and PM 2.5 IV: County Regressionswith Controls for Mask-Wearing Behavior
at theStateLevel according to theUnderstanding AmericaSurvey

Cases Mortality

(1) (2) (3) (4) (5) (6)

Weighted PM 2.5 0.136* 0.113 0.117 0.00958 0.0124* 0.0101
(0.0780) (0.0735) (0.0740) (0.00656) (0.00690) (0.00693)

State -2.745*** -2.873*** -2.651*** 0.152*** 0.144*** 0.128***
Mask-Wearing
(7-day)

(0.873) (0.818) (0.786) (0.0491) (0.0451) (0.0472)

F Stat 12.16 12.59 12.69 12.16 12.59 12.69
Dep Var Mean 8.841 8.849 8.850 0.248 0.248 0.248
Pct ChangeMean 1.543 1.278 1.318 3.861 4.995 4.055
Controls ! ! ! ! ! !
County & State-by-
Week FEs

! !

County and MSA-
by-Week FEs

! !

County and CBSA-
by-Week FEs

! !

Observations 82516 82425 82379 82516 82425 82379

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. The

tabledisplays theprimary results in Table3.3 in columns (1) through (3) and Table3.5 in columns (4) through (6),

however these regressions includecontrols for theprior 7-day averageof agiven stateÕsmask-wearing behavior as

determined by responses to theUnderstanding AmericaSurvey. Other standard controls includestate-level and

county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation, prior

two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions.

F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsarenot serially correlated.
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TableC.9: Wind and PM 2.5 IV ÐModel Sensitivity to Including OzoneasaControl

Cases Deaths

(1) (2) (3) (4) (5) (6)

Weighted PM 2.5 0.169** 0.139** 0.138* 0.00954* 0.0123** 0.0101*
(0.0751) (0.0692) (0.0705) (0.00563) (0.00593) (0.00593)

Ozone -6.832 4.931 10.07 -0.107 0.283 0.447
(13.16) (10.11) (9.723) (0.445) (0.409) (0.422)

F Stat 13.23 13.72 13.96 13.23 13.72 13.96
Dep Var Mean 7.875 7.882 7.882 0.216 0.216 0.216
Pct ChangeMean 2.152 1.760 1.755 4.424 5.689 4.700
Controls ! ! ! ! ! !
County & State-by-Week
FEs

! !

County and MSA-by-
Week FEs

! !

County and CBSA-by-
Week FEs

! !

Observations 97,885 97,783 97,740 97,885 97,783 97,740

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. The tablepresents the resultsof adding ozoneasacontrol. These

regressions replacemissing ozoneobservationswith a random number (0.4047) and add an indicator for missing

observation asa regressor to prevent lossof observationsand comparability with themain speciÞcation. The

approach is insensitive to theuseof alternative random numbers. CoefÞcientsareestimated under a two-stage least

squares regression model with county and state-by-week, MSA-by-week, or CBSA-by-week Þxed effectsand wind

direction and location interactionsas instrumentsof PM 2.5. Controls includestate-level and county-level policy

adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week social distancing

behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Standard errorsclustered at

thecounty level in parentheses.
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TableC.10: Wind and PM 2.5 IV ÐExcluding Counties

Cases Deaths

(1) (2) (3) (4) (5) (6)
Weighted PM 2.5 0.166** 0.150** 0.150** 0.0144*** 0.00912 0.00923

(0.0682) (0.0682) (0.0684) (0.00504) (0.00578) (0.00571)

F Stat 13.98 14.20 14.36 13.98 14.20 14.36
Dep Var Mean 7.776 7.872 7.950 0.203 0.216 0.219
Pct ChangeMean 2.129 1.908 1.887 7.107 4.219 4.218
Controls ! ! ! ! ! !
County & State-by-
Week FEs

! ! ! ! ! !

Exc. NYC ! !
Exc. Kansas City ! !
Exc. Utah ! !
Observations 96,887 97,199 96,310 96,887 97,199 96,310

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. The

tabledisplays the resultsof our main speciÞcation when excluding counties from our sample. Columns (1) and (4)

excludeNew York City counties (FIPS codes36005, 36047, 36059, 36061, 36081, 36119). Columns (2) and (5)

excludeKansasCity counties (FIPS codes20091, 20103, 20121, 20209, 29037, 29045, 29095, 29165, 29177).

Columns (3) and (6) excludecounties in Utah (FIPS starting by 49). CoefÞcientsareestimated under a two-stage

least squares regression model with county and state-by-week Þxed effects. PM 2.5 is instrumented by wind

direction and air quality monitor cluster interactions. Controls includestate-level and county-level policy adoption,

wind speed, minimum and maximum daily temperature, precipitation, prior two-week social distancing behavior,

day-of-week, and two lagged wind direction-by-monitor cluster interactions. F-statisticsof the relevance test are

computed assuming Þrst-stagestandard errorsarenot serially correlated.
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TableC.11: Wind and PM 2.5 IV ÐModel Sensitivity to including only Counties in MSAs

Cases Deaths

(1) (2) (3) (4)

Weighted PM 2.5 0.105 0.0932 -0.00105 0.00364
(0.0936) (0.0726) (0.00787) (0.00824)

F Stat 12.44 13.01 12.44 13.01
Dep Var Mean 8.681 8.694 0.280 0.281
Pct ChangeMean 1.208 1.072 -0.374 1.296
Controls ! ! ! !
County & State-by-Week
FEs

! !

County and MSA-by-Week
FEs

! !

County and CBSA-by-Week
FEs
Observations 51,761 51,670 51,761 51,670

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. The

tabledisplays the resultsof our main speciÞcation when excluding counties not in MSA regions from our sample.

CoefÞcientsareestimated under a two-stage least squares regression model with county and state-by-week or

county and MSA-by-week Þxed effects. PM 2.5 is instrumented by wind direction and air quality monitor cluster

interactions. Controls includestate-level and county-level policy adoption, wind speed, minimum and maximum

daily temperature, precipitation, prior two-week social distancing behavior, day-of-week, and two lagged wind

direction-by-monitor cluster interactions. F-statisticsof the relevance test arecomputed assuming Þrst-stage

standard errorsarenot serially correlated.
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TableC.12: Wind and PM 2.5 IV ÐAlternativeWind Direction Imputation Strategies

Cases Deaths

(1) (2) (3) (4) (5) (6)
Weighted PM 2.5 0.164** 0.146** 0.158** 0.00908 0.00918 0.00808

(0.0718) (0.0684) (0.0674) (0.00573) (0.00571) (0.00565)

F Stat 13.92 14.28 14.71 13.92 14.28 14.71
Dep Var Mean 7.875 7.875 7.875 0.216 0.216 0.216
Pct ChangeMean 2.085 1.849 2.002 4.210 4.256 3.746
Controls ! ! ! ! ! !
County & State-by-Week
FEs

! ! ! ! ! !

Nearest Neighbor ! !
Weight of 4 NN ! !
Weight of 12 NN ! !
Observations 97,883 97,885 97,885 97,883 97,885 97,885

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. The

tabledisplays the resultsof our main speciÞcation under different imputation strategiesof thewind direction data.

Columns (2) and (5) present the resultsof our main speciÞcation, assigning wind direction asaweighted average

of the four nearest weather stations. Columns (1) and (4) present the resultsassigning thenearest weather station

instead. Columns (3) and (6) present the resultsof using aweighted averageof the twelvenearest weather stations.

ThecoefÞcientsareestimated under a two-stage least squares regression model with county and state-by-week

Þxed effects. PM 2.5 is instrumented by wind direction and air quality monitor cluster interactions, and all

regressions include theadditional standard set of control variables. F-statisticsof the relevance test arecomputed

assuming Þrst-stagestandard errorsarenot serially correlated.

243



TableC.13: Wind and PM 2.5 IV ÐAlternativeWeather Control SpeciÞcations

Cases Deaths

(1) (2) (3) (4)

Weighted PM 2.5 0.146** 0.139* 0.00918 0.0104*
(0.0684) (0.0737) (0.00571) (0.00592)

F Stat 14.28 11.56 14.28 11.56
Dep Var Mean 7.875 7.875 0.216 0.216
Pct ChangeMean 1.849 1.767 4.256 4.833
Controls ! ! ! !
County & State-by-Week FEs ! ! ! !
t min/max temp. ! ! ! !
t precipitation ! ! ! !
t wind speed ! ! ! !
t-1 and t-2 min/max temp. ! !
t-1 and t-2 precipitation ! !
t-1 and t-2 wind speed ! !
Observations 97,885 97,855 97,885 97,855

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. The

tabledisplays the resultsof alternativespeciÞcationsof weather controls. Columns (1) and (3) replicate themain

estimationsusing same-day temperature, precipitation, and wind speed. Columns (2) and (4) usealso the two prior

(t " 1 and t " 2) daysweather data. ThecoefÞcientsareestimated under a two-stage least squares regression

model with county and state-by-week Þxed effects. PM 2.5 is instrumented by wind direction and location

interactions, and all regressions include thestandard set of control variables.
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TableC.16: Wind and PM 2.5 IV ÐRegressionsover AlternativeOutcomes: Viral Testing and
Positivity Rate

(1) (2) (3) (4) (5)
Same-Day Same-Day Same-Day 3-Day 7-Day

New Tests
Weighted PM 2.5 17.32 96.87 82.43 452.2*** 313.1***

(97.91) (99.03) (97.52) (144.8) (111.2)

F Stat 13.04 13.69 13.85 12.99 12.93
Dep Var Mean 1.5e+04 1.5e+04 1.5e+04 4.5e+04 1.1e+05
Pct ChangeMean 0.117 0.657 0.559 1.010 0.293
Controls ! ! ! ! !
County & State-by-Week FEs ! ! !
County and MSA-by-Week
FEs

!

County and CBSA-by-Week
FEs

!

Observations 93,380 93,341 93,321 93,232 92,934

Positivity Rate
Weighted PM 2.5 0.00131 0.00142 0.00146 0.000956 0.000302

(0.00186) (0.00178) (0.00178) (0.00119) (0.000395)

F Stat 13.69 14.24 14.38 12.50 12.82
Dep Var Mean 0.114 0.114 0.114 0.094 0.086
Pct ChangeMean 1.154 1.251 1.287 1.022 0.350
Controls ! ! ! ! !
County & State-by-Week FEs ! ! !
County and MSA-by-Week
FEs

!

County and CBSA-by-Week
FEs

!

Observations 88,773 88,722 88,697 91,138 91,832

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. The tabledisplays regressionsover two different output variables:

new viral diagnostic testsand viral test positivity rates, each at thestate-day level. Outcomevariablesareanalyzed

over three timewindows: same-day values (columns (1) through (3)), thesum of 3 days (column (4)), and thesum

of 7 days (column (5)). The tabledisplays the two-stage least squareestimator with county and state-by-week,

MSA-by-week, or CBSA-by-week Þxed effectsand with wind direction and air quality monitor cluster interactions

as the instrument for PM 2.5. All regressions includestandard errorsclustered at thecounty level and thestandard

set of control variables. Observationsareweighted by county population.
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TableC.17: Mortality, Hospitalization, Mechanical Ventilation, and ICU Entry Propensity using
CDC CaseSurveillanceRecordswith Weights for theProportion of Missing Values

(1) (2) (3) (4)
Deaths Hospitalization Mech. Vent. ICU

Weighted PM 2.5 0.00314*** 0.000392 0.00439* 0.00566**
(0.00115) (0.00120) (0.00258) (0.00286)

F Stat 115.00 137.67 79.28 74.86
Dep Var Mean 0.114 0.235 0.061 0.107
Pct ChangeMean 2.749 0.167 7.156 5.299
Controls ! ! ! !
County & State-by-
Week FEs

! ! ! !

Observations 311,591 382,686 177,336 177,356

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Regression isweighted by theproportion of observationswithin a

county that havemissing or unknown clinical outcomes. Standard errorsclustered at thecounty level in

parentheses. Outcomes areabinary indicator for whether an individual conÞrmed case resulted in mortality,

hospitalization, mechanical ventilation, or ICU entry. Controls includestate-level and county-level policy

adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week social distancing

behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Individual-level controls

includeage, raceand ethnicity, and pre-existing medical conditions. Displayed output of a two-stage least squares

regression model with county and state-by-week, MSA-by-week, or CBSA-by-week Þxed effects in which wind

direction and air quality monitor cluster interactionsareused to predict PM 2.5 levels in acounty on agiven day.

F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsarenot serially correlated.
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TableC.18: Mortality, Hospitalization, Mechanical Ventilation, and ICU Entry Propensity using
CDC CaseSurveillanceRecords: Longer Air Pollution TimeHorizons

(1) (2) (3) (4)
Deaths Hospitalization Mech. Vent. ICU

Panel a - Same-day PM 2.5
Weighted PM 2.5 0.00154** -0.000754 0.00171** 0.00149

(0.000597) (0.000909) (0.000808) (0.00101)

F Stat 115.00 137.67 79.28 74.86
Dep Var Mean 0.114 0.235 0.061 0.107
Observations 311,591 382,686 177,336 177,356

Panel b - Upcoming 3-day AveragePM 2.5
Weighted PM 2.5 (3-day) 0.00158** 0.000108 0.00392*** 0.00242

(0.000781) (0.00152) (0.00140) (0.00196)

F Stat 66.15 67.18 44.63 43.16
Dep Var Mean 0.114 0.235 0.061 0.107
Observations 311,591 382,686 177,336 177,356

Panel c - Upcoming 7-day AveragePM 2.5
Weighted PM 2.5 (7-day) 0.00109 0.00164 0.00156 -0.0000925

(0.000876) (0.00171) (0.00115) (0.00166)

F Stat 72.46 64.97 40.33 48.53
Dep Var Mean 0.114 0.235 0.061 0.107
Observations 311,591 382,686 177,336 177,356

Panel d - Upcoming 10-day AveragePM 2.5
Weighted PM 2.5 (10-day) 0.00315** 0.00117 0.000952 -0.00109

(0.00158) (0.00231) (0.00155) (0.00332)

F Stat 45.51 45.19 25.87 29.84
Dep Var Mean 0.114 0.235 0.061 0.107
Observations 311,591 382,686 177,336 177,356

Panel e - Upcoming 14-day AveragePM 2.5
Weighted PM 2.5 (14-day) 0.00371** 0.00117 0.00162 0.00335

(0.00157) (0.00235) (0.00139) (0.00474)

F Stat 35.46 40.81 24.10 25.44
Dep Var Mean 0.114 0.235 0.061 0.107
Observations 311,591 382,686 177,336 177,356

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. The table
presents resultson county-level incidenceof mortality, hospitalization, ventilation, or ICU admission, as in
Table3.10, except the independent variable isadjusted in Panel (b) through Panel (e) such that PM 2.5 on agiven day
is replaced with theaveragePM 2.5 over the following 3, 7, 10, or 14 day period in thesameregion. The rationale for
thisadjustment is that case records list thedateof caseconÞrmation and not thedateof other clinical events, so a
longer timehorizon ismore likely to correspond to pollution at the timeof theseclinical events. Individual-level
controls includesex, age, raceand ethnicity, and pre-existing medical conditions. County controls includestate-level
and county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation, prior
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two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions.
Displayed output of a two-stage least squares regression model with county and state-by-week Þxed effects in which
wind direction and air quality monitor cluster interactionsareused to predict PM 2.5 levels in acounty on agiven
day. F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsarenot serially correlated.
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C.2 Additional Figures

FigureC.1: New ConÞrmed COVID-19 Casesand Deaths in theUnited States
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Notes: Casesand deathssourced from theJohnsHopkinsCOVID-19 DataRepository. Smoothed average

calculated with seven lead and seven lag days.
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FigureC.2: New ConÞrmed Casesper 100,000 Peopleby US County

(a) February (b) March

(c) April (d) May

(e) June (f) July

Notes: Casesand deathssourced from theJohnsHopkinsCOVID-19 DataRepository.
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FigureC.3: EPA Air Quality Monitors

Notes: Each dot representsan EPA air quality monitor reporting PM 2.5 in 2020.
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FigureC.4: EPA Air Quality Monitor Clusters

Notes: Each color representsoneof 100 air quality monitor clusters. Theseclustersaregrouped according to the

location of theair quality monitorsby thek-meanscluster algorithm following thestrategy in Deryuginaet al.

(2019).
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FigureC.5: FineParticulateMean Daily Concentration by Month and County

(a) February (b) March

(c) April (d) May

(e) June (f) July

Notes: For each county, thevalue for each month iscalculated by averaging thedaily concentration of PM 2.5,

weighted by thenumber of people in censusblocks in a10 kilometer buffer around theair quality monitor.
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FigureC.6: Air Quality During thePandemic

Notes: Figures plot average county-level Þne particulate matter or air quality index on each date. County-level

Þguresderived by averaging valuesover all monitors reporting on any given day.
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FigureC.7: NOAA Wind and Weather Monitoring Stations

Notes: Each dot representsaweather station reporting wind speed and direction in 2020.
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C.3 Supplemental Data

Thissection listsand describesminor datasetsused for supplementary and robustness

purposes in this paper. First, weobtained essential worker sharesat thecounty level from

Andersen et al. (2023). Thesedataarecountsof workersby North American Industry

ClassiÞcation System (NAICS) code in each county, whereessential work NAICScategoriesare

marked with an indicator variable. Information on urbanization ratesat thecounty level were

obtained from the2013 National Center for Health StatisticsUrbanÑ Rural ClassiÞcation Scheme

for Counties (Ingram and Franco, 2014). Weuse two datasets from theCenters for Disease

Control and Prevention (CDC) regarding vaccines: theVaccineHesitancy for COVID-19 dataand

county-level COVID-19 Vaccinations in theUnited Statesdata (seeCDC, 2021b and CDC, 2021a

for more information). Thevaccinehesitancy information isametric based on responses to the

U.S. CensusHousehold PulseSurvey question, ÒOnceavaccine to prevent COVID-19 is

available to you, would you get avaccine?ÓTheCDC vaccination data, in turn, provide

information on theshareof residentsover 18 within acounty who receiveat least onedoseof a

COVID-19 vaccine. This information is in timeseries format, and so weextract asingle

cross-section of the information from May 2021 for use in theheterogeneity analysis. Wesource

county-level sharesof democratic and republican votes in the2020 presidential election from the

MIT Election Dataand ScienceLab (seeMIT Election DataAnd ScienceLab, 2021 for a

description of thedata). Finally, for caseor mortality incidenceby population sub-group

variables, which required population counts for each category, weused the5-Year American

Community Survey (ACS) data from 2016 to 2020. Wealso useACS information to calculate

population density for each county.
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C.4 Individual and County Heterogeneity

In thisAppendix section, asoutlined in Section 3.5.5 in themain body of paper, weexamine

potential heterogeneity in the relationship between PM 2.5 and COVID-19 cases, mortality, and

measuresof clinical progression such as useof mechanical ventilation. Wedo so in two ways.

First, we leverage the restricted CDC data to assesshow our results vary across sex, age, and race

and ethnicity subsetsof thecasesurveillancedata. Second, weapply our main empirical

approach, asdescribed in Section 3.4 in themain body of paper, while interacting PM 2.5 with the

dimensionsof heterogeneity of interest. Weconsider the following dimensions: proportion of

essential workers, population density, urbanization rates, shareof Republican voters, and

vaccination ratesas of May 2021 asaproxy for risk attitudes with respect to COVID-19.

Similarly, weassessheterogeneity acrossareas with greater vaccinehesitanceasself-reported

through theU.S. CensusHousehold PulseSurvey. In particular, vaccinehesitancemetricswere

produced by theCDC based on responses to thequestion ÒOnceavaccine to prevent COVID-19

isavailable to you, would you get avaccine?Ó. Appendix Section C.3 provides more information

about theseadditional data.

With either approach, thepurposeof theseanalyses isdescriptive. Whileour empirical

approach still relieson the identiÞcation strategy described in Section 3.4 in themain body of

paper, the interactionsshould not be interpreted causally. Indeed, several of thevariables that we

consider arecorrelated, so that observing heterogeneity along onedimension, for example

population density, may also relate to heterogeneity along acorrelated dimension, such as

political preferences. Moreover, thedifferences in point estimatesbetween sub-samplesshould

not be taken at facevalue, as the individual characteristics that weobservemay correlatewith

other individual characteristics that wemay not observe. Another straightforward caveat of the

heterogeneity analyses is that they may imply inferring from noisier estimatesobtained from

smaller samplesizes or interaction terms.
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C.4.1 Heterogeneity by Individual Characteristics

Weuse the restricted CDC casesurveillance records to assess how the impact of air pollution

on casesvariesacrossageand raceand ethnicity in TableC.19. In this table, all outcomes reßect

case incidenceper 100,000 individualsof agiven demographic group, such that thecasecounts

for all individuals from age0-19 arecomputed relative to thecounty-speciÞc number of

individuals in thisgroup.1 This incidencecomputation ensures that point estimatesare roughly

comparable in magnitudeeven if onedemographic group hasa relatively larger or smaller

demographic sharewithin acounty. In theÞrst panel of TableC.19, weshow that the impact of

air pollution on case incidence, aproxy for caseseverity, is generally increasing with age. For

individuals from 0 to 19 yearsof age, aone-unit increase in air pollution isassociated with a2%

increase in case incidence. For individuals from 20 to 59 years, thepercent change is3.7-3.8%

per unit of PM 2.5 induced by wind direction. For individuals from 60 to 79, the impact is still

larger at 4.7%, while for individualsover 80 the impact from an additional unit of air pollution

exposure isa6.6% increase in case incidence, almost twiceas largeas for the20-59 group. The

magnitudeof impact, at 1 caseper 100,000, isalso four times as largeas thepopulation-level

effect observed in TableC.3. Depending on theagegroup, themagnitudeof thesepoint estimates

is four to ten times larger than thepoint estimatesobserved with respect to PM 10 and cases in the

German context of Isphording and Pestel (2021), which is between 0.1 and 0.2 for men and

women over age80, respectively. However, thepercent changes from mean incidenceare roughly

comparablegiven lower case incidence in Germany. For example, thepercent increase from the

mean is roughly 5% for individuals over 80 in Germany, and 6.6% for thesameagegroup in our

sample. In thesecond panel, weshow that air pollution has the largest impact on case incidence

for Black and Hispanic communities, for whom aone-unit increase in PM 2.5 increasescase

incidenceby 7-15% from themean. In contrast, aone-unit increase in PM 2.5 increasescase

incidence for whitepopulationsby 3% from themean for thispopulation group. It isworth noting

1 County-level population counts for each demographic were obtained from the 2016 to 2020 5-year American
Community Survey.
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that NativeAmerican communitiesalso seeproportionally larger percent increases in case

incidence than Whitepopulations, at 5.2% compared to 3.3%, but thepoint estimate is

nevertheless lower becauseNativeAmericanshave lower averagecase incidenceoverall. These

results for NativeAmerican communitiesarehighly statistically signiÞcant, although they are

inferences from arelatively small samplesize. Lastly, TableC.20 showshow case incidence

differsby sex in panel (a), although there is littledifferenceacrossgroups. Collectively, these

results suggest that population groupswith increased potential vulnerability, including theelderly

and minority populations, arealso more likely to see thegreatest increase in reported case

numbers related to air pollution exposure.

Wenext turn to heterogeneity in mortality acrosssex, age, and raceand ethnicity. Wenote

beforedescribing these regressions that, asbefore, wedo not observe theexact timing of

mortality and so these regressionsmeasure theeffect of apollution shock at the timeof case

conÞrmation. Moreover, due to frequently missing mortality information, results should be

interpreted with caution. To start with sex, thesecond panel of TableC.20 suggests that aone-unit

increase in PM 2.5 at the timeof caseconÞrmation increases the likelihood of mortality by 0.09

percentagepoints for femalesand 0.2 percentagepoints for males. The latter is twiceas largean

impact, and it isalso much moreprecisely measured. This result conÞrmsmuch of theprior

literature, including Isphording and Pestel (2021), in showing that malesweremoresusceptible to

severeCOVID-19 illness than females (seeMohamed et al., 2020 for morediscussion of the

medical basis for sex-based differences in COVID-19 illnessseverity). Following thesame

structureas for cases, TableC.21 and TableC.22 show how the likelihood of mortality differs

acrossageand raceand ethnicity groups. For age, weobserveavery small and statistically

insigniÞcant effect for all agegroupsup to 59 years. For those from 60 to 79 and above80, point

estimatesareat least 10 timesas largeas those for theyounger population cohorts, although the

point estimatesarenot statistically signiÞcant. Thepoint estimateof 0.004 for individualsover 80

iswithin theconÞdence interval of effectsobserved in Isphording and Pestel (2021) for theperiod

from -2 to 2 days for men and slightly below theconÞdence interval observed for women,
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TableC.19: Wind and PM 2.5 IV: Case Incidenceper 100,000 by Ageand Race/Ethnicity using
CDC CaseSurveillanceRecords

(1) (2) (3) (4) (5)
Age0-19 Age20-39 Age40-59 Age60-79 Age80+

Weighted PM 2.5 0.0889** 0.493*** 0.463** 0.436*** 1.093**
(0.0422) (0.186) (0.187) (0.168) (0.474)

F Stat 11.23 11.23 11.23 11.23 11.23
Dep Var Mean 4.503 13.475 12.235 9.266 16.615
Pct ChangeMean 1.974 3.660 3.784 4.701 6.578
County & State-by-Week
FEs

! ! ! ! !

Observations 76,111 76,111 76,111 76,111 76,111

(1) (2) (3) (4) (5)
NativeAme. Hispanic Asian Black White

Weighted PM 2.5 0.0728** 0.479** 0.0106 0.427*** 0.143***
(0.0351) (0.191) (0.0526) (0.129) (0.0523)

F Stat 11.23 11.23 11.23 11.23 11.23
Dep Var Mean 1.387 14.527 3.084 6.833 4.475
Pct ChangeMean 5.248 3.300 0.344 6.242 3.203
County & State-by-Week
FEs

! ! ! ! !

Observations 76,111 76,111 76,111 76,111 76,111

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses.

Outcomesaredaily caseor mortality incidenceper 100,000 population at thecounty-day level. Controls include

state-level and county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation,

prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster

interactions. Displayed output of a two-stage least squares regression model with county and state-by-week Þxed

effects in which wind direction and air quality monitor cluster interactionsareused to predict PM 2.5 levels in a

county on agiven day. F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsarenot

serially correlated.

262



TableC.20: County Case Incidenceand Clinical Outcomesby Sex using CDC CaseSurveillance
Records

(1) (2)
Female Male

Panel a - County Case Incidence
Weighted PM 2.5 0.397** 0.360***

(0.154) (0.136)
F Stat 11.23 11.23
Dep Var Mean 10.219 9.378
Observations 76,111 76,111

Panel b - Individual Mor tality
Weighted PM 2.5 0.000943 0.00220**

(0.000760) (0.000877)
F Stat 61.29 80.18
Dep Var Mean 0.096 0.135
Observations 166,053 145,511

Panel c - Individual Hospitalization
Weighted PM 2.5 -0.00264** 0.00150

(0.00121) (0.00135)
F Stat 72.74 67.56
Dep Var Mean 0.207 0.267
Observations 204,688 177,976

Panel d - Individual Mechanical Ventilation
Weighted PM 2.5 0.000628 0.00312**

(0.000946) (0.00138)
F Stat 42.85 41.12
Dep Var Mean 0.044 0.081
Observations 94,669 82,636
Panel e - Individual IntensiveCareUnit
Weighted PM 2.5 0.000572 0.00218

(0.00109) (0.00165)
F Stat 42.96 36.53
Dep Var Mean 0.081 0.136
Observations 94,497 82,809

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. The
outcomesof panel (a) aredaily case incidence for malesand femalesper 100,000 population of thesamesex at the
county-day level. Panels (b) through (e) regress individual-level outcomes for whether aconÞrmed caseprogressed
to mortality, hospitalization, mechanical ventilation, or ICU admission for thesampleof conÞrmed cases for each
sex. Individual-level controls includeage, raceand ethnicity, and pre-existing medical conditions. County controls
includestate-level and county-level policy adoption, wind speed, minimum and maximum daily temperature,
precipitation, prior two-week social distancing behavior, day-of-week, and two lagged wind direction-by-monitor
cluster interactions. Displayed output of a two-stage least squares regression model with county and state-by-week
Þxed effects in which wind direction and air quality monitor cluster interactionsareused to predict PM 2.5 levels
in acounty on agiven day. F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsare
not serially correlated.

263



although our estimates arenot directly comparablebecause, among other reasons, wedo not

observe timeof mortality. As for raceand ethnicity, weobserve that whitepopulationsare the

only population group with astatistically signiÞcant effect of air pollution on the likelihood of

mortality, which could be in part due to greater samplesizeor disparateageproÞles. For all

analysesacross age, sex, or demographic groups with respect to mortality, resultsaregenerally

noisy. Weattribute thisboth to unobserved timing of mortality aswell as frequently missing

observations. Moreover, differences in samplesizeand correlationswith unobserved factors lead

us to exercisecaution in interpreting theseÞndingswith ahigh degreeof conÞdence.

The restricted CDC dataalso allow us to display clinical progression resultsover sex, age

groups, and raceand ethnicity categories, which weshow in TablesC.20, C.21, and C.22. In

general, theeffect of air pollution on clinical progression is larger and moreprecisely estimated

for males, older individuals, and whitepopulations, although resultsareoften noisy and

indistinguishable from zero when using sub-samples. Asbefore, due to smaller samplesize,

missing clinical outcomes, and unobserved timing of clinical progression, we refrain from

providing any conclusive interpretation of these results.
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TableC.21: Clinical Outcomesby AgeGroup using CDC CaseSurveillanceRecords

(1) (2) (3) (4) (5)
Age0-19 Age20-39 Age40-59 Age60-79 Age80+

Panel a - Mor tality
Weighted PM 2.5 0.000157 0.000232 0.000181 0.00223 0.00385

(0.000176) (0.000299) (0.000741) (0.00171) (0.00416)

F Stat 13.55 45.63 40.80 44.72 23.55
Dep Var Mean 0.001 0.005 0.049 0.269 0.596
Observations 33,202 105,544 89,557 57,987 25,037

Panel b - Hospitalization
Weighted PM 2.5 0.00384*** -0.00149 0.00180 0.000290 -0.00563

(0.00132) (0.000962) (0.00165) (0.00260) (0.00401)

F Stat 16.82 42.57 47.07 40.16 26.54
Dep Var Mean 0.034 0.076 0.211 0.484 0.632
Observations 37,457 125,021 115,467 77,303 27,235

Panel c - Mechanical Ventilation
Weighted PM 2.5 0.000760 -0.000696 0.000939 0.00439** 0.00121

(0.000615) (0.000534) (0.00165) (0.00222) (0.00246)

F Stat 12.59 27.61 27.89 24.71 17.41
Dep Var Mean 0.005 0.012 0.058 0.151 0.117
Observations 15,848 57,908 54,809 36,477 12,014

Panel d - IntensiveCareUnit
Weighted PM 2.5 0.000974 -0.00293*** 0.00321* 0.00436 0.00252

(0.00113) (0.00107) (0.00188) (0.00273) (0.00421)

F Stat 15.01 25.73 27.57 26.25 13.27
Dep Var Mean 0.012 0.027 0.103 0.238 0.222
Observations 15,836 57,207 55,296 36,784 11,847

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty in parentheses. The table

presents resultson county-level incidenceof mortality, hospitalization, ventilation, or ICU admission, as in

Table3.10, except the independent variable isadjusted in Panel (b) through Panel (e) such that PM 2.5 on agiven day

is replaced with theaveragePM 2.5 over the following 3, 7, 10, or 14 day period in thesameregion. The rationale for

thisadjustment is that case records list thedateof caseconÞrmation and not thedateof other clinical events, so a

longer timehorizon ismore likely to correspond to pollution at the timeof theseclinical events. Individual-level

controls includesex, age, raceand ethnicity, and pre-existing conditions. County controls includestate-level and

county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week

social distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Displayed

output of a two-stage least squares regression model with county and state-by-week Þxed effects in which wind

direction and air quality monitor cluster interactionsareused to predict PM 2.5 levels in acounty on agiven day.

F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsarenot serially correlated.
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TableC.22: Clinical Outcomesby Raceand Ethnicity using CDC CaseRecords

(1) (2) (3) (4) (5)
NativeAme. Hispanic Asian Black White

Panel a - Mor tality
Weighted PM 2.5 -0.00542 0.00103 0.00178 -0.000435 0.00235***

(0.00659) (0.00108) (0.00235) (0.00102) (0.000883)

F Stat 24.07 55.24 13.22 40.28 47.84
Dep Var Mean 0.060 0.086 0.142 0.144 0.116
Observations 817 82,526 13,122 64,875 140,929

Panel b - Hospitalization
Weighted PM 2.5 -0.00110 -0.00145 0.00422 -0.00134 -0.000338

(0.00977) (0.00143) (0.00476) (0.00180) (0.00134)

F Stat 15.19 53.98 16.61 50.14 54.18
Dep Var Mean 0.182 0.211 0.300 0.341 0.192
Observations 1,199 109,429 14,585 80,666 163,501

Panel c - Mechanical Ventilation
Weighted PM 2.5 0.00481 0.00230 0.00382 0.0000374 0.00189*

(0.00298) (0.00140) (0.00331) (0.00213) (0.000957)

F Stat 54.39 41.93 11.49 36.33 36.29
Dep Var Mean 0.051 0.067 0.089 0.104 0.038
Observations 370 48,311 6,977 31,932 84,801

Panel d - IntensiveCareUnit
Weighted PM 2.5 -0.0127** 0.00201 0.00727* 0.000236 0.00110

(0.00577) (0.00180) (0.00405) (0.00191) (0.00115)

F Stat 34.35 36.28 22.54 25.39 32.19
Dep Var Mean 0.158 0.104 0.139 0.173 0.078
Observations 448 47,106 7,148 32,134 84,998

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errorsclustered at thecounty level in parentheses. The table

presents resultson county-level incidenceof mortality, hospitalization, ventilation, or ICU admission, as in

Table3.10, except the independent variable isadjusted in Panel (b) through Panel (e) such that PM 2.5 on agiven day

is replaced with theaveragePM 2.5 over the following 3, 7, 10, or 14 day period in thesameregion. The rationale for

thisadjustment is that case records list thedateof caseconÞrmation and not thedateof other clinical events, so a

longer timehorizon ismore likely to correspond to pollution at the timeof theseclinical events. Individual-level

controls includesex, age, raceand ethnicity, and pre-existing conditions. County controls includestate-level and

county-level policy adoption, wind speed, minimum and maximum daily temperature, precipitation, prior two-week

social distancing behavior, day-of-week, and two lagged wind direction-by-monitor cluster interactions. Displayed

output of a two-stage least squares regression model with county and state-by-week Þxed effects in which wind

direction and air quality monitor cluster interactionsareused to predict PM 2.5 levels in acounty on agiven day.

F-statisticsof the relevance test arecomputed assuming Þrst-stagestandard errorsarenot serially correlated.
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C.4.2 Heterogeneity by County Characteristics

Our main estimatesarepresented in TableC.23, with TableC.24 presenting correlations

across thedimensionsof heterogeneity that westudy. Westart by looking at fractionsof essential

workers in each county. Essential workersaremoreexposed to the risk of contracting thevirus in

comparison to other groupsof workers (e.g. McCormack et al., 2020). Applying our model to the

interaction between fractions of essential workers and PM 2.5 tends to suggest, as shown in

column (1) of TableC.23, astronger relationship between PM 2.5 and case rates in countieswith

moreessential workers, although thecorresponding estimations are rather noisy. Estimatesare

similarly noisy with death incidence, as shown in column (7), where they tend to point in the

oppositedirection. Overall, our results can only be interpreted assuggestiveevidence that there

may beastronger relationship between PM 2.5 and COVID-19 caseloads in countieswith more

essential workers. Furthermore, oneshould note that countieswith larger sharesof essential

workersmay vary along other dimensionsaswell, asmentioned in the introduction to this section

and described in thecorrelationspresented in TableC.24.

Next, we turn to the roleof urbanization ratesand population density, which aim at measuring

thedifferent context in which COVID-19 may spread depending on peopleÕsgeographical

proximity. However, highly urban countiesmay differ from sparsely populated counties in many

dimensionsother than theaveragenumber of encountersaperson makes every day, including the

evolution of pollution levelsduring theperiod of observation. Aswith essential worker results,

estimatesare rather noisy for both caseand death outcomes, asshown in columns (2) and (3), and

(7) and (8), of TableC.23. Yet, any suggestiveevidence that comes from thesecolumnspoint to a

situation in which higher population density is associated with aweaker relationship between PM

2.5 and COVID-19 outcomes.

In what follows, we investigatedimensions of heterogeneity that may shed some light on the

pattern observed across urbanization and population density interactions, while remaining in the

realm of suggestiveevidence. Columns (4) and (5), and (9) and (10), suggest aweaker

relationship between PM 2.5 and COVID-19 outcomes in areas that have lower sharesof
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Republican votersand in areaswherepeoplemay be lesswilling to take risks in the faceof the

pandemic, which may also bebased on different perceptionsof its severity. These two setsof

variables, political preferencesand risk-aversion during thepandemic, tend to benegatively

correlated, asshown for instance in Allcott et al. (2020) as well as in TableC.24 for vaccination

rates. In practice, more risk taking may imply less mask wearing and less social distancing during

our period of study, and it is captured by mid-2021 measuresof vaccination rates. Mask wearing

may not only behelpful in preventing spread of COVID-19 but also in limiting theexposure to

PM 2.5. Mask wearing is indeed considered among theavoidancebehaviorsused to limit the

impact of local air pollution on health (e.g. Zhang and Mu, 2018). Additional analysis classifying

countiesacross tercilesof vaccination hesitance, in TableC.25 suggest that theeffect of PM 2.5

on cases isstronger in thesecond and third tercilesof vaccinehesitance, or where individualsmay

be less likely to seek out vaccination. A similar pattern can beobserved for mortality, whereareas

with themost vaccinehesitancealso demonstrate thestrongest and most statistically signiÞcant

response from pollution on mortality.
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