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Abstract: 

Air pollution health impact assessments often estimate excess cases of deaths among a 

population at a given point in time, either retrospectively or prospectively. These “static” 

assessments cannot account fully for the influence of time-varying factors—for example, the 

role of air pollution trends in altering the pool of individuals most susceptible to air pollution from 

one year to the next.  By contrast, dynamic approaches use life tables to model changes in risk 

over a multi-year time horizon, accounting for the change in risk in one year on age-specific 

death rates, and thus the population-at-risk, in subsequent years (e.g., Miller & Hurley 2003). 

Where static approaches generate estimated counts of premature deaths attributable to air 

quality changes in a given year, life tables quantify counts of premature deaths and life years 

lost over a multi-year period. When assigned a dollar value, life table results can also be used 

as an input to the calculation of Present Value of a given policy.  Here we describe a new 

variant on the dynamic approach using a software tool quantifying PM2.5-related premature 

mortality and population effects using a dynamic population model. This tool broadly applies the 

dynamic approach in many locations throughout the world using readily available data and 

health impact functions. Using this new tool in concert with previously published time series of 

photochemical grid model predicted annual mean PM2.5 concentrations in the U.S., and a time 
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series of historical monitored PM2.5 concentrations for a country with recent dramatic 

improvements in air quality (Chile), we answer three questions: 

● What is the estimated long-term change in PM2.5-attributable counts of premature death, 

life expectancy and life years in each country? 

● How do the life table estimated values above compare to a traditional “static” approach? 

● What is the Present Value of the long-term stream of avoided premature deaths using 

this new approach? 

 

1.      Background and Motivation 

         The standard approach to estimating the mortality effects of air pollutant exposure 

incorporates growth in population over time based on a static population model, which does not 

differ across scenarios or update over time.  The static approach ignores the long-term dynamic 

effect of death rates in one year altering the population-at-risk in future years.  While the static 

approach can be useful when quantifying acute, short-term effects of air pollution, it likely 

underestimates effects when considering long-term impacts.  An alternative to a static 

population growth modeling approach is a dynamic approach that uses life-table methods to 

follow over time the impact of a change in age-specific death rates on the population-at-risk.  

Consequent changes to the size of the population-at-risk affect mortality estimates.  

In this paper, we describe the development and deployment of an approach to PM2.5-

related premature mortality and population effects using a dynamic population model.  Our 

approach is based on principles established in prior research, such as that of Miller and Hurley 

(2003) and Röösli et al. (2005).  The model was designed to track the effect of alternative 

assumptions about the mortality effects of PM2.5 in the U.S. population over time.  The tool 

incorporates detailed life table data for historical years, by age, gender, and cause of death, 

obtained from the Census Bureau and the Centers for Disease Control (CDC) (for the US), or 

for international applications, from readily available sources such as a national statistical or 
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population census bureau.  It also incorporates Census mortality and population projections for 

future years, again by age and gender, using the projected death and birth rates that underlie 

the Census Bureau’s published population projections.  Recently, the Environmental Protection 

Agency (EPA) Advisory Council on Clean Air Compliance Analysis supported the use of 

dynamic population modeling where practicable noting that, “it provides the most realistic 

available modeling of how, over time, changes in population risk lead to changes in the size and 

age distribution of the population, which consequent implications for estimated mortality 

impacts” (Council, 2010). 

Below we describe our analytical approach, including the air quality, population and 

baseline health data we use to quantify changes in life years and life expectancy and our 

technique for quantifying the Present Value of the stream of long-term changes in premature 

deaths. We then discuss the implications of these results before detailing the limitations and 

uncertainties.  

 

2.      Methods 

         This section describes the Population Simulation Model and its application as 

part of a cost-benefit analysis of the Clean Air Act Amendments (CAAA).  

2.1    Population Simulation Model Overview and Structure 

The dynamic population model builds off the life table method developed by Miller 

and Hurley (2003).  The model allows users to: 

 Simulate population in the U.S. by single year of age and gender for years 

between 1990 and 2050 under alternative assumptions about the degree of 

hazard posed by air pollution relative to baseline historical and projected Census 

mortality rates; 

 Estimate changes in life years relative to baseline Census mortality rates; 
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 Apply air pollution hazards differentially by cause of death; and 

 Analyze the effect of alternative cessation lag structures on the timing of total 

mortality and on total life years in the U.S. population, based on differential 

application by cause of death or other specifications of cessation lag. 

The model provides users the capability to manually enter a user-specified beta 

coefficient or use the epidemiologic data pre-loaded into the model, and accounts for 

the impact of overlapping cessation lags for each change to determine the net impact 

on mortality hazard in each year.  In addition, users can specify the trajectory of PM 

changes over time as either a step function or through linear interpolation between 

target years.  Users can also incorporate a PM2.5 threshold concentration and explore 

the impacts of varying susceptibility to air pollution by age. 

All calculations and results in the model are conducted at the national level, using 

average changes in national average PM levels or population-weighted exposure.  The 

model can be used to estimate changes in mortality risk for years between 1990 and 

2050.   The temporal range provides a "run-up" period using the more highly resolved 

by-cause mortality data available for historical years, and allows for testing of 

hypotheses on a retrospective and prospective basis.   

The model consists of four linked components, as illustrated in Figure 1: Inputs (which itself 

includes a Hazard Estimation module); Baseline Life Table; Regulatory Life Table; and Outputs.  

The inputs component allows users to specify parameters for each model run, such as the size 

of the changes in PM2.5, the source of relative risk (RR) values, and the lag structure to be 

applied following each change.  The outputs component reports results of the simulations.  The 

other three components are described in more detail below.  
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Figure 1.      Conceptual Framework for Population Simulation Model 

 

The hazard estimation component of the model, integral to the inputs component, takes the 

user-specified parameters from the input page and calculates a mortality hazard adjustment 

factor (MHAF) that is applied to the baseline mortality hazard.  In order to accommodate 

dynamic year-to-year variation in PM2.5 levels, the MHAF for each calendar year is calculated as 

a weighted average of adjustment factors for PM changes associated with that year and all 

previously modeled years using weights from the cessation lag structure specified by the user.  

The weighted average effect estimate of the change in mortality incorporates the effects of 

multiple, overlapping impacts for changes in annual average PM2.5 occurring up to 60 years 

prior to that year.  The MHAF for each calendar year is calculated for year of age in the cohort 

and is modified to reflect any age-specific adjustment factors specified by the user.  The MHAF 

is calculated using the following formula: 

MHAFj,t = 1 + Σ [(eβ x ΔPMi -1) x LAFt-i+1 x TAFi] x ASAFj; i = Base Year to t 
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Where: MHAFj,t = Mortality Hazard Adjustment Factor for age group j in year t; 

β = the beta coefficient either from the selected epidemiologic study or user-specified; 

ΔPMi = the change in PM2.5 concentration for year i (μg/m3); 

LAFt-i+1 = Lag Adjustment Factor in year t for total PM mortality impact from year i; 

TAFi = Threshold Adjustment Factor for year i; and 

ASAFj = Age-Specific Adjustment Factor for age group j. 

The lag between changes in PM2.5 exposure levels and the full realization of the expected 

changes in mortality rates is modeled by applying a lag adjustment factor (LAF) to the relative 

risk calculated in each year.  The LAF for a given year, tn, represents the cumulative fraction of 

the total change in mortality associated with a PM2.5 change in year t1 that is expected to be 

realized by year tn.  The Threshold Adjustment Factor (TAF) accounts for the fact that only the 

percentage of the U.S. population experiencing PM2.5 concentration above a hypothesized 

threshold level would experience PM2.5 mortality effects (i.e., it approximates a population 

threshold).  The Age-Specific Adjustment Factor (ASAF) allows users to reflect differences in 

susceptibility to PM2.5 across the population.  The user can specify values for an ASAF between 

0 and 2 for specific user- defined age groups, with a value of 1 meaning that age group 

experiences the full mortality impact of the change in PM2.5.  Values greater than 1 indicate that 

an age group is more susceptible to PM than the rest of the population and values less than 1 

indicate that an age group is less susceptible to PM.  

The Baseline Life Table component is a replication of the Census historical population 

data and projection data for the US and Chile for the 1990 to 2050 period (and beyond as 

necessary to capture long-term effects on life expectancy).  The data for Chile, as with the other 

countries in the International version of PopSim, is based on the Census International Database 

(IDB) historical population data and projection for years 1990 through 2050 and beyond   It 

contains population data stratified by gender and year of age; mortality rates for each relevant 

cause, by age cohort; and natality (birth) rates by age.  These data also include estimates of net 
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migration that we developed by subtracting estimated deaths calculated using CDC mortality 

data from annual cohort population change reported in U.S. and Chilean Census-based 

population estimates. For Chile, the data include estimates of net migration that we developed 

by subtracting estimated deaths calculated using historical mortality rates from the 2013 Global 

Burden of Disease study1 and projected IDB mortality rates. The data in this module are 

protected to preserve a static baseline from which gains and losses in premature mortality are 

measured.  

The Regulatory Life Table component begins with the same data contained in the 

Baseline component, and then applies adjustment factors (from the Hazards component) to the 

baseline mortality rates taken from the CDC data.  As a result, the population simulation in the 

Regulatory component reflects the mortality rates implied by user's scenario specifications 

(entered in Inputs component).  The calculations in the Regulatory and Baseline components 

are equivalent, with the exception of the mortality rate, which is calculated as follows: 

P regulatory (death) = [P baseline (death)]*[MHAF] 

 

2.2    Application of the Population Simulation Model 

         We used the dynamic population simulation model described above to explore the effect 

of CAAA-related PM changes on the population for the US, and the effect of actions taken by 

Chile over a similar time period to reduce PM2.5 exposures to the population of Santiago Chile.  

For the US, we applied the domestic version of PopSim that accompanies EPA”s BenMAP-CE 

model, version 1.5.0.4.  For the Santiago analysis, we performed a modification to the 

International version of PopSim because the population data for that model only includes 

population at the country level and we are modeling the effects of reductions specifically 

focused on the city of Santiago.  Specifically, we multiplied the Chilean population estimates by 

 
1 Data obtained from GBD 2013 Age-Sex Specific All-Cause and Cause-Specific Mortality 1990-2013. 
Seattle, United States: Institute for Health Metrics and Evaluation, 2014. 
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0.4 for each age group; this estimate of the proportion of the population of Santiago is 

consistent with our comparisons of communa-based estimates of Santiago population with the 

PopSim Chilean population data in 1990 and 2015.  The total proportion of population and age 

distribution for both the city and country was very similar across both years; thus, while this 

crude adjustment provides in our opinion a reasonable approximation of the Santiago 

population. 

         The results presented in the following section are based on application of the Krewski et 

al. (2009) PM concentration-response (C-R) function applying a 20-year distributed cessation 

lag.  Other C-R function and cessation lag assumptions are possible in the model, but were not 

explored for this analysis.  No threshold was applied.  We compare the results from the dynamic 

population simulation model to results derived using EPA’s Benefits Mapping and Analysis 

Program (BenMAP) tool (EPA, 2012).  Application of the BenMAP tools represents a more 

standard static population approach. 

 We ran two analyses of the impact of PM2.5 changes from 1990 to 2015, one for the U.S. 

using U.S. PopSim and the other for Santiago using International PopSim. Both analyses utilized 

the Krewski et al. 2009 health impact function for ages 30-99. For both countries we generated 

the average annual population weighted PM2.5 concentrations for each year where data was 

available and used these data points to establish PM2.5 concentration trend overtime. After 

developing these trend lines, we chose 6 years for the U.S. and Chile separately that best capture 

the country’s trend in PM2.5 concentrations from 1990 forward. We then calculated the change in 

PM2.5 concentration between these years for input into PopSim. 

For the U.S. PopSim analysis, we used a combined dataset of modeled and monitored 

data to estimate average annual concentrations for each county in the U.S. For the years 1990 to 

2000, we used PM2.5 concentrations from research associated with the Multi-Ethnic Study of 

Atherosclerosis (MESA) study (Kim et al, 2017) that used spatio-temporal modeling to estimate 
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measurements of PM prior to the adoption of widespread PM2.5 monitoring in 1999.  For the later 

period of the analysis 2001-2013, we relied on monitored  PM concentration data from EPA’s Air 

Quality System (AQS) that were pre-loaded in BenMAP-CE to calculate average annual 

concentration for each county in the U.S.  In order to generate a single average annual population 

weighted concentration for the U.S. for each year, we merged this county level PM2.5 concentration 

with county-level data for population age 30 and up. We obtained all population data from the 

U.S. Census, using Census data for 2010 and intercensal data for every other year (U.S. Census 

Bureau 2017). Figure 2 demonstrates the trend of average annual PM2.5 concentration in the U.S. 

from 1990-2013. The points in red were chosen because they span across the period of 1990 to 

2013 and illustrate the linear decline in PM2.5 concentration that occurred in the U.S. in this time 

period. The linear trend for the average annual concentration has an R2 value of 0.93. The chosen 

data points for input to PopSim were for 1995, 2000, 2004, 2010, and 2013. Table 1 below 

summarizes the years chosen, the concentrations in each year and changes in PM2.5 

concentration from the previous year in the table (labelled “Delta”). 1990 is included as the first 

year in the time period. This table will serve as a key input to the PopSim model. 

In the Santiago PopSim analysis, we obtained five-year population estimates from the 

Chilean National Institute of Statistics (INE) and used these projections to generate Comuna-level 

population by age and sex from 1990 to 2015 in the Santiago Metropolitan Region (INE). Like the 

U.S. analysis, we only used data for ages 30 and up. For Santiago, average annual PM2.5 

concentration for each of the eleven monitors was provided in a dataset by the Chilean Ministry 

of Environment. In order to population weight this monitor data, we used the population data for 

the given year in the same Comuna where the monitor is located. In Figure 3 below, we plotted 

the average annual concentration for the Santiago Metropolitan region across all monitors. The 

trend of concentration over time shows logarithmic decay. The logarithmic trend line has an R2 of 

.85. Using this trend line, we chose 1995, 2000, 2005, 2010, and 2014 for our analysis. Table 2 
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summarizes these chosen years, their PM2.5 concentration for that year, and the change from the 

previous chosen year (“Delta”). 1990 is included because it is the start year of the analysis. This 

table summarizes key inputs to the Chile Pop Sim analysis.  

Figure 2: Observed US Average Annual PM 2.5 Concentration, Population Weighted 

 

 
Table 1: PM2.5 Concentration Inputs for U.S. PopSim Model 

Year 
PM2.5 

Concentration 
Delta 

1990 15.1756  

1995 13.6426 -1.5330 

2000 12.5884 -1.0542 

2004 11.7934 -0.7949 

2010 9.6123 -2.1811 

2013 8.7872 -0.8251 
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Figure 3: Chile Average Annual PM 2.5 Concentration, Population Weighted 

 
 
Table 2: PM2.5 Concentration Inputs for Chile PopSim Model 

Year 
PM2.5 

Concentration 
Delta 

1990 68.4086  

1995 49.3136 -19.0950 

2000 33.9767 -15.3368 

2005 24.7213 -9.2554 

2010 23.1724 -1.5489 

2014 24.6293 1.4569 

 

As noted above, the baseline scenario in the PopSim models is fixed;  since we are not 

modeling hypothetical or proposed air quality changes but instead modeling the impacts of 

observed decreases in PM2.5 in the US and Chile starting in 1990, we must assume that the 

PopSim baseline scenario already incorporates the mortality risk reductions associated with 

these changes in its reported historical life tables and associated projections.  Therefore, 

0

10

20

30

40

50

60

70

80

90

1 6 11 16 21 26

A
n
n
u
al
	P
M
2
.5
	C
on
ce
n
tr
at
io
n
	(
u
g/
m
^
3
)

Year

Annual
Concentration

Chosen	Points

1990													1995																	2000										 	 				2005								 		 					2010															 		2015 



12 
 

instead of modeling these changes as reductions from the baseline, we model all PM2.5 changes 

as maintaining a counterfactual with a constant level of PM2.5 and PM-attributable mortality fixed 

at 1990 levels throughout the analysis period for the US and Santiago.  That is, observed 

decreases in PM2.5 are treated as increases from a baseline in which these changes are already 

assumed.   

We input the PM2.5 changes as incremental differences in PM2.5 concentration between 

the baseline and control scenarios for the first target year (1995) and then the incremental 

difference in PM2.5 concentration from the previous target year to the current target year for 

each remaining point on the concentration curves above.  Each change in PM2.5 builds on 

previous changes and thus results in an impact on the mortality rate equivalent to the 

cumulative total effect of air pollution changes up to that point in time.  We also assumed that 

the PM changes would occur gradually over time.  For instance, we took the total PM change in 

2000 and spread it evenly between 1990 and 2000, assuming a linear trajectory.  We chose to 

apply this incremental, linear change in PM because it is a more realistic option than step-based 

changes (the other option in the PopSim model) and it is a reasonably close approximation of 

how CAAA-related PM changes would occur over time and how the baseline mortality rate 

would be affected in the control scenario.  Though the changes in Santiago appear more non-

linear than those in the US, we approximated them using a series of linear changes with much 

steeper slopes early in the period of analysis. 

 

3.      Results 

         Tables 3 through 8 below provide the standard output from the population simulation 

model for the runs configured as outlined above, in terms of changes in number of deaths per 

year, life years gained, and changes in period conditional life expectancy. The tables reflect 

results for both the USA and Chile. Tables 3 and 4 provide the estimated change in number of 

deaths avoided per year by age cohort for the simulation period 1990 through 2050.  The 
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estimates presented are for a single year (they are not cumulative for the prior or next five-year 

period) based on differences in population tables by cohort and year between two life tables – 

one that simulates population with the CAAA, which is our baseline scenario, and one that 

simulates population without the CAAA, a scenario with higher PM concentrations and, as a 

consequence higher mortality rates in cohorts where the Pope et al. (2002) C-R function applies 

(adults age 30 and over).  

Table 3: Estimated Deaths Avoided for US Application 

  Years
Age 
Categories 1990 2000 2010 2020 2030 2040 2050 

0 to 9 0 0 0 0 0 0 0 

10 to 19 0 0 0 0 0 0 0 

20 to 29 0 0 0 0 0 0 0 

30 to 39 0 638 1,282 1,666 1,514 1,162 894 

40 to 49 0 1,340 2,929 3,062 2,878 2,543 1,970 

50 to 59 0 2,088 6,201 7,449 5,981 5,506 4,972 

60 to 69 0 3,241 8,606 13,413 12,522 10,204 9,963 

70 to 79 0 5,613 10,344 17,155 21,485 20,597 18,469 

80 to 89 0 5,024 9,350 10,955 13,384 16,312 18,504 

90 to 99 0 779 -2,532 -8,067 -14,254 -21,979 -27,863 
Total 

Avoided 0 18,723 36,180 45,633 43,510 34,345 26,909 
 

For the USA, as illustrated in the table, the difference in total deaths grows through 2010 

until around 2030.  Not surprisingly, initially all cohorts experience fewer deaths in the cleaner, 

with-CAAA scenario, but because more individuals are alive to enter older, higher baseline 

mortality cohorts, the oldest three cohorts in particular begin to quickly experience more deaths 

in the with-CAAA scenario, and the number of additional deaths grows in these cohorts over 

time.  This phenomenon is only seen in the oldest cohorts – in all other cohorts, there are fewer 

deaths in the with-CAAA scenario.  Note that the CAAA is not the cause of more deaths – it is 

that the life-extending qualities of less air pollution exposure yield higher numbers of individuals 

surviving to cohorts with high non-pollution mortality rates.  Examination of the life tables shows 
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that more individuals survive in all cohorts. For Chile, the results in Table 4 do not show the 

tapering of effect over time seen for the US, mainly owing to the more dramatic decline in PM 

concentrations over time for Chile than the US.  The negative deaths avoided (effectively more 

deaths) in the oldest cohort, and for the age 80-89 cohort in 2050, reflect that reduction in air 

pollution risk allows the population to age, reducing early deaths, some of which result in 

increased deaths later in life as those individuals age.  The next effect across all cohorts, 

though, remains positive throughout the simulation, even with a slight increase in PM 

concentrations in the 2014 versus 2010 period in Chile. 

Table 4: Estimated Deaths Avoided for Santiago, Chile Application 

  Years
Age 
Categories 1990 2000 2010 2020 2030 2040 2050 

0 to 9 0 0 0 0 0 0 0 

10 to 19 0 0 0 0 0 0 0 

20 to 29 0 0 0 0 0 0 0 

30 to 39 0 180 256 366 806 840 1,007 

40 to 49 0 265 507 552 816 1,833 1,824 

50 to 59 0 433 836 1,285 1,445 2,150 4,528 

60 to 69 0 663 1,257 2,004 3,114 3,475 4,886 

70 to 79 0 896 1,451 2,138 3,385 4,844 4,711 

80 to 89 0 666 803 551 366 68 -1,483 

90 to 99 0 15 -330 -972 -1,677 -2,748 -4,277 
Total 

Avoided 0 3,118 4,780 5,924 8,255 10,462 11,196 
 

The number of deaths estimate from PopSim is fundamentally different from that 

estimated by BenMAP.  While BenMAP estimates the number of deaths that will eventually be 

avoided as a result of a single improvement in air pollutant exposure for a given year, the 

population simulation approach incorporates a series of dynamic processes, including multiple 

annual exposure changes, overlapping lag periods, and dynamic effects of changes in air 

pollutant mortality rates that operate each year in concert with age-specific mortality rates.  

Individuals, as they are “passed” from year to year and each year, experience a new level of 
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mortality risk, depending on age-specific non-air-pollutant risks and an exposure dependent air 

pollutant risk.  Deaths avoided tabulated in Tables 3 and 4 are therefore total number of deaths 

from all causes, a fundamentally different measure that cannot be compared to the estimate 

from BenMAP, but which supplements that estimate.   

Tables 5 and 6 illustrate a second output from the population simulation model, 

estimated life years gained by age cohort and year of the simulation.  These estimates 

effectively compare the number of individuals in each age cohort in the two simulations; in other 

words, each additional individual in a cohort represents an additional life year lived for that 

cohort.  For this measure, age cohorts are smaller, and the total population is also smaller, for 

all years of the without-CAAA simulation compared to the with-CAAA simulation.  The gain from 

CAAA implementation is therefore positive for all years in the USA and through 2047 in Chile. 

For Chile, the number of life years gained increases every year until 2033, and then begins to 

decrease. This reflects how the losses from increased average annual PM2.5 concentration in 

2014 begin to outweigh the life year gains from the decrease in average annual PM2.5 

concentration in the Chile from 1990 to 2010.   Over the course of the full simulation, through 

2050, implementation of the CAAA accounts for over 5 million additional life years lived in the 

US population and over 920,000 additional life years in the Santiago, Chile population. 
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Table 5: Estimated Life Years Gained for USA 

  
Age 
Categories 

Years

1990 2000 2010 2020 2030 2040 2050 

0 to 9 0 0 0 0 0 0 0 

10 to 19 0 0 0 0 0 0 0 

20 to 29 0 0 0 0 0 0 0 

30 to 39 0 1,764 4,018 6,959 6,758 5,199 3,966 

40 to 49 0 4,556 16,076 24,646 27,828 25,415 19,507 

50 to 59 0 6,896 34,833 66,729 67,548 67,513 60,641 

60 to 69 0 11,253 51,004 132,409 161,932 143,971 139,500 

70 to 79 0 21,409 69,982 180,797 302,504 322,286 280,526 

80 to 89 0 24,793 98,533 199,575 358,675 522,430 544,483 

90 to 99 0 11,554 49,182 133,713 193,128 329,351 481,587 

Total Yrs 
Gained 0 82,225 323,628 744,828 1,118,373 1,416,165 1,530,210 

 

Table 6: Estimated Life Years Gained for Chile 

  
Age 
Categories 

Years

1990 2000 2010 2020 2030 2040 2050 

0 to 9 0 0 0 0 0 0 0 

10 to 19 0 0 0 0 0 0 0 

20 to 29 0 0 0 0 0 0 0 

30 to 39 0 490 996 1,284 3,264 3,298 4,052 

40 to 49 0 931 3,620 4,618 6,553 15,211 15,507 

50 to 59 0 1,498 5,874 11,582 13,563 19,603 44,380 

60 to 69 0 2,382 9,350 18,877 32,083 36,652 52,514 

70 to 79 0 3,513 13,063 26,182 45,965 73,297 80,431 

80 to 89 0 3,730 14,831 27,049 45,275 73,337 104,843 

90 to 99 0 764 5,030 11,915 18,333 28,132 43,390 

Total Life 
Years 0 13,308 52,764 101,507 165,036 249,530 345,117 

 

Tables 7 and 8 provide estimates of the increase in period conditional life expectancy 

(PCLE) from the model.  Period life expectancy is constructed using age-specific mortality rates 

for a single year, with no allowance for projected changes in mortality while cohort life 

expectancy is the probability of a person in an age cohort (same year of birth) dying at each age 
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throughout his or her lifetime, factoring in changes in age-specific mortality rates over time 

(ONS 2017). While all individuals will experience a future, unknown risk of mortality that unfolds 

through their lifetime, we present PCLE here because it is the methodology generally reported 

by the CDC and, for past years in particular, PCLE provides an objective measure to compare 

mortality over time (ONS 2017)2.  For the USA, effects on life expectancy are immediately 

experienced across all cohorts, and grow rapidly to a gain in the with-CAAA scenario of 

approximately 0.3 year per woman as early as 2010 in the youngest cohorts and evolving to the 

age 60 cohort by 2050.  The gains for men start slower, at about 0.2 years per man in 2010, but 

grow to a slightly higher value than that for women by 2050. 

For Chile, in Table 8, the gains are higher due to a much greater decline in average 

annual PM2.5 concentration from 1990 to 2015 compared to the USA. The gains are as high as 2 

years for women and men in Chile up to the age 40 cohort in the year 2050. Interestingly, while 

it is typically stated that older cohorts are the main recipients of the benefits of cleaner air, the 

life expectancy gains among older cohorts are actually truncated because older cohorts may die 

of something else before experiencing the full benefit from air pollution reduction.  Instead, in life 

expectancy terms, younger cohorts experience the greatest gains. 

 
  

 
2 The model also calculates cohort conditional life expectancy.  Cohort life expectancy is constructed 
using age-specific mortality rates that reflect projected changes in mortality in future years.  In our case, 
differences in cohort conditional life expectancy reflect our projection of changes in air pollutant-induced 
mortality risk.  The cohort conditional life expectancy tables show an almost immediate gain in life 
expectancy among younger cohorts because of the anticipated much cleaner air through their lifetime, but 
those results are of course dependent on our projection of future air quality. 
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Table 7: Increase in Period Conditional Life Expectancy for USA 

Females: 

  
Age 
Categories 

Years

1990 2000 2010 2020 2030 2040 2050

0 to 9 0.00 0.11 0.31 0.33 0.34 0.33 0.31

10 to 19 0.00 0.11 0.31 0.33 0.34 0.33 0.31

20 to 29 0.00 0.11 0.31 0.33 0.34 0.33 0.31

30 to 39 0.00 0.11 0.31 0.33 0.34 0.33 0.31

40 to 49 0.00 0.10 0.29 0.32 0.33 0.32 0.30

50 to 59 0.00 0.10 0.27 0.30 0.30 0.30 0.29

60 to 69 0.00 0.08 0.23 0.26 0.28 0.27 0.27

70 to 79 0.00 0.07 0.18 0.22 0.23 0.23 0.23

80 to 89 0.00 0.05 0.12 0.17 0.17 0.17 0.18

90 to 99 0.00 0.02 0.03 0.06 0.06 0.06 0.05
 

Males: 

  
Age 
Categories 

Years

1990 2000 2010 2020 2030 2040 2050 

0 to 9 0.00 0.12 0.21 0.36 0.36 0.35 0.33 

10 to 19 0.00 0.12 0.22 0.36 0.36 0.35 0.34 

20 to 29 0.00 0.12 0.22 0.37 0.37 0.35 0.34 

30 to 39 0.00 0.12 0.21 0.36 0.36 0.35 0.33 

40 to 49 0.00 0.11 0.20 0.34 0.35 0.34 0.32 

50 to 59 0.00 0.10 0.18 0.31 0.32 0.31 0.31 

60 to 69 0.00 0.08 0.16 0.27 0.28 0.28 0.27 

70 to 79 0.00 0.07 0.12 0.21 0.22 0.22 0.23 

80 to 89 0.00 0.05 0.08 0.14 0.15 0.15 0.16 

90 to 99 0.00 0.02 0.03 0.06 0.07 0.07 0.07 
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Table 8: Increase in Period Conditional Life Expectancy in Chile 

Females: 

  
Age 
Categories 

Years

1990 2000 2010 2020 2030 2040 2050 

0 to 9 0.00 1.34 2.11 2.21 2.17 2.12 2.08 

10 to 19 0.00 1.35 2.12 2.21 2.18 2.12 2.08 

20 to 29 0.00 1.35 2.12 2.22 2.19 2.13 2.09 

30 to 39 0.00 1.34 2.10 2.20 2.16 2.10 2.06 

40 to 49 0.00 1.30 2.03 2.12 2.07 2.00 1.95 

50 to 59 0.00 1.21 1.91 1.99 1.92 1.83 1.75 

60 to 69 0.00 1.08 1.72 1.77 1.68 1.56 1.46 

70 to 79 0.00 0.92 1.46 1.49 1.39 1.24 1.11 

80 to 89 0.00 0.67 1.08 1.13 1.09 1.01 0.92 

90 to 99 0.00 0.21 0.33 0.37 0.40 0.42 0.43 
 

Males: 

  
Age 
Categories 

Years

1990 2000 2010 2020 2030 2040 2050 

0 to 9 0.00 1.47 2.31 2.41 2.37 2.31 2.28 

10 to 19 0.00 1.47 2.32 2.42 2.37 2.32 2.29 

20 to 29 0.00 1.49 2.34 2.44 2.40 2.35 2.32 

30 to 39 0.00 1.47 2.30 2.40 2.35 2.30 2.27 

40 to 49 0.00 1.38 2.17 2.25 2.19 2.11 2.06 

50 to 59 0.00 1.26 1.99 2.05 1.96 1.86 1.78 

60 to 69 0.00 1.08 1.73 1.76 1.65 1.51 1.41 

70 to 79 0.00 0.88 1.41 1.42 1.29 1.13 1.00 

80 to 89 0.00 0.66 1.06 1.09 1.03 0.92 0.82 

90 to 99 0.00 0.22 0.36 0.39 0.42 0.43 0.44 
 

4.      Discussion 

The application of the population simulation model outlined above illustrates additional, 

supplementary characterizations of the benefits of the CAAA, as well as new insights not 

available from a static approach.  The results demonstrate the substantial effect of the CAAA on 
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population unfolding through time, and add insights into the life expectancy gains attributed to 

cleaner air. 

Our results for the CAAA simulation are not directly comparable to those from BenMAP 

– our results reflect a long-term trajectory of improved air quality; and because the effects of 

changes in exposure are lagged over time as the risk is reduced, our results for any given year 

represent the cumulative effect of overlapping lagged mortality risk changes from multiple years.  

It is nonetheless possible to design experiments with the population simulation model that 

approximate a BenMAP result, in particular for the life-years lost/gained metric.  To compare the 

BenMAP and population simulation approaches and estimate the impact of using a dynamic 

versus static population approach, we estimated the long-term effect of a one year change in 

exposure in 2010 and 2020 comparable to the one-year national population-weighted change 

that is developed in the BenMAP runs for those two target years.  In 2010, we estimated the 

effect of a 7.64 µg/m3 change in PM2.5 and in 2020 we estimated the effect of a 9.59 µg/m3 

change in PM2.5.  In the dynamic model, these changes are reduced to zero in the following year 

by implementing a negative change of equivalent magnitude.  

The results of our comparison suggest that the effect of using a dynamic model is 

substantial, as illustrated in Figures 4 and 5.  For deaths, the total effect of using a dynamic 

approach is roughly a factor of two or more in the US (Figure 4) – in 2010, for example, the 

dynamic approach estimates almost 30,000 avoided deaths, while the static approach estimates 

about 15,000 (Figure 4) – the effect is less for Santiago (Figure 5).  The static estimates of 

deaths can be attributed to the change in air quality in that year (in blue).  The avoided deaths 

occurring in 2021 through 2050 in the figure (in red) are solely due to the dynamic nature of the 

model.  In the population simulation model, individuals who avoid death in 2020 are included in 

the population in the following year creating a larger population compared to the baseline.  We 

can also use the un-lagged population simulation model results from 2020 to more closely 

replicate the life years gained results from BenMAP for 2020.  By applying the life expectancy 
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values by age cohort used in BenMAP to the avoided deaths in 2020 from the population 

simulation model, we are able to calculate life years gained results similar to those estimated in 

BenMAP.   

 

Figure 4: Comparison of Avoided Deaths Using Dynamic (PopSim) and Static (BenMAP) 

approaches for US 
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Figure 5: Comparison of Avoided Deaths Using Dynamic (PopSim) and Static (BenMAP) 

approaches for Santiago, Chile 

 

 

Comparisons of life-years gain estimates are more telling.  Examination of Table 5 

shows that the dynamic approach estimates more than 5 million life years saved through 2050, 

while the BenMAP approach estimates just more than 2 million life years saved for a single 

year’s exposure improvement.  The results by cohort could be somewhat misleading, as they 

reflect different approaches to allocating life year gains among cohorts.  BenMAP attributes life 

year gains to the cohort that is of a certain age in the year in which exposure changes (in this 

case, either 2010 or 2020), regardless of when those life-year gains accrue, while the 

population simulation model attributes gains to the cohort in the year they are experienced.  

This difference in approach means that BenMAP attributes more of the life-year gains to 

younger cohorts, but both approaches are simulating the same effect.  The main difference is 
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that the population simulation approach incorporates the effects of a dynamically growing 

population as a result of the gain in air pollution – the end result is that the life-years-gained 

measure of the mortality benefit of clean air is likely underestimated by the static approach, and 

perhaps by a substantial margin.  

 

The dynamic approach to estimating life-years gained also yields an interesting pattern 

when compared to the trajectory of the change in air quality, as illustrated in Figure 6 below, 

which compares the life-years saved trajectories for the US and Santiago simulations.  Recall 

that Figure 2 above shows a declining but roughly linear PM2.5 trajectory for the US, and Figure 

3 above shows a rapid decline early in the simulation for Santiago, leveling off toward the end of 

the simulation – and both air quality trajectories have constant AQ after 2014.  By contrast, the 

trajectory in Figure 6 shows a rapidly increasing pattern of lives saved, followed by a leveling 

off, while in Santiago we see a steadily increasing trajectory through the full simulation.  This is 

the result of a very large and rapid absolute improvement in air quality early in the Santiago 

simulation, which has a strong enough effect on the population to effectively carry through a 

strong lives-saved benefit to the end of the simulation. 
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Figure 6: Comparison of Life-years Saved for US and Santiago (Chile) Applications 

  Panel A: US       Panel B: Santiago 

 

Finally, this new dynamic method of estimating the mortality risk reduction benefits 

associated with improvements in air quality also enables a new method for monetizing these 

benefits.  The traditional approach involves using a value of statistical life (VSL), applied to the 

estimates of numbers of deaths avoided.  Figures 4 and 5 show that the dynamic approach, 

using this traditional VSL approach, would yield a higher estimate of monetized benefits.  Yet is 

it also possible to take account of the longer term benefits of mortality risk reduction, which 

continue to ripple through a population long after air quality stabilizes, using a life years gained 

estimate combined with a value of statistical life year (VSLY) estimate.  While more work is 

needed to estimate reliable new primary VSLYs, a first-order approximation can be derived 

using a discount rate (here, 3 and 7%) and an implied number of remaining life years associated 

with an underlying VSL (for the US, about 40.5 years; for Chile, closer to 45 years owing to a 

younger working age population from which a VSL is calculated, and a higher average life 

expectancy).  That same discount rate can be used to estimate the net present value of these 

benefits.  For the US simulation, the annual undiscounted benefits grow from about $400 to 

$725 million per year (at 3% and 7% discount rate VSLYs) in the early 1990s, to $290 to more 
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than $500 billion per year by 2020, to $570 billion to nearly $1 trillion per year by 2040.  The 

NPV of total benefits from 1990 to 2040 is $1 to $3 trillion, with the lower number corresponding 

to the 7% discount rate estimate, as discounting over the 50-year simulation period in this case 

has a larger overall effect than applying that discount rate to estimate a VSLY.  In the process, 

this new method provides an estimate of monetized mortality benefits that recognizes the timing 

and the age-specific incidence of mortality reduction.  We argue that these estimates are 

informative as a supplement to the traditional VSL based monetized benefits found in many air 

pollution assessments, including EPA (2011). 

 

5.      Further Research 

The dynamic population simulation method described above is not meant to replace 

static estimates from BenMAP, but rather provides a richer representation of the effects over 

time at the cohort-level.  BenMAP allows changes in PM and the resulting mortality effects to be 

expressed at a finer spatial scale than currently allowed by the population simulation model.  

The spatial scale of BenMAP is particularly important in benefits analysis where the location of 

an air quality improvement and whether the improvement occurs in a highly-populated area can 

have a large affect.  A key future improvement to the population simulation model would be to 

allow for finer spatial resolution within the simulation – for example, multi-state regional 

estimation for the US.  

The population simulation model is currently programed within widely available software 

to ensure it is accessible to most users.  Improvements to the computational speed could be 

made if the model is moved to a proprietary software package such as Matlab or GAMS.  This 

improvement may be particularly necessary if the spatial resolution is increased.  Additional 

research on this topic is also currently being undertaken by other researchers, building off prior 

work on cause-modified life tables (Brand, 2005).  Brand’s current work contrasts the static and 

dynamic approaches and offers a closed-form mathematical relationship linking them together.
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