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Executive Summary 
 
This report estimates the public health impact from the proposed marine container terminal at the 
Charleston Naval Complex in North Charleston, South Carolina.  It also provides preliminary information 
about the cost of controlling air pollution from the proposed terminal, pending more detailed analysis.  
 
Methodology 
 
Our analysis began with emissions data and air quality modeling submitted by the South Carolina State 
Ports Authority with its Final Environmental Impact Statement (FEIS) on the proposed expansion.  
Emissions data simply quantify pollutants released from particular sources.  Air quality modeling goes 
further, using meteorological data to show how these pollutants are likely to be dispersed in the 
atmosphere.  Modeling results in a map, in this case of the Charleston metropolitan area, which predicts 
concentrations of particular pollutants in particular locations.  
 
This report focused on emissions data and modeling for 2025, when the proposed North Charleston 
terminal is expected to be operating at capacity.  In order to estimate public health impact, we undertook 
the following tasks: 
 

1) Modifications.  First, we examined the emissions inventory and made modifications to include 
relevant data that had not been included in the analysis.  We also compensated for factors that 
were not considered in the design of the modeling program used in the FEIS.  This process is 
described in the next section of the Executive Summary. 

 
2) Mapping.  Second, we used the modified emissions inventory along with the FEIS modeling to 

create a map that predicts concentrations of particulate matter smaller than 2.5 microns in 
diameter (“PM2.5”) across the Charleston metropolitan area. 

 
3) BenMAP.  Third, we estimated the health impacts and societal costs of the estimated PM2.5 

exposure using the Environmental Benefits and Analysis Program (BenMAP), a peer-reviewed 
software tool developed with funding from the U.S. Environmental Protection Agency.  Adverse 
health effects include work loss, asthma exacerbations, chronic and acute bronchitis, non-fatal 
heart attacks, and death from cancer, cardiovascular disease, and other ailments linked to PM2.5.  
The report and its appendices contain detailed information about the medical studies and other 
data on which BenMAP calculations are based. 

 
In addition to estimating public health impacts, the report also examines the cost of controlling pollution 
from the proposed North Charleston terminal.  There are significant uncertainties associated with this part 
of the analysis, because it is difficult to use cost estimates developed for one location and apply them to 
another.  A more thorough analysis would focus specifically on the proposed North Charleston terminal, 
or on Charleston port facilities generally. 
 
Modifications 
 
In order to develop an accurate estimate of the public health impact associated with the North Charleston 
terminal, it was necessary to modify the emissions data provided in the FEIS, and also compensate for 
factors not included in the design of the modeling program. 
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Cruising Mode.  First, the FEIS emissions inventory did not include emissions from vessels operating in 
cruising mode (i.e., approaching the port but not yet required to reduce speed).  We included the cruising 
emissions, which increased total emissions by almost 60%. 

 
Vehicle Emissions.  Second, the FEIS emissions inventory included only vehicle emissions released 
within six miles of the port facility.  However, a 2005 emissions inventory commissioned by the State 
Ports Authority determined that the average truck leaving a Charleston terminal travels 28.3 miles before 
arriving at a local destination or leaving the Tri-County area.  We therefore extended vehicle emissions 
estimates for major roadways to Charleston County boundaries.   

 
Secondary Formation.  Finally, the modeling program chosen for the FEIS includes only direct emission 
of PM2.5 from emission sources.  It does not include another important source of PM2.5 in the atmosphere 
– that due to so-called “secondary” reactions in the atmosphere.  Secondary formation occurs when 
emissions of sulfur dioxide, nitrogen oxides, ammonia and other gases to form, for example, ammonium 
sulfate and ammonium nitrate, which are both important types of PM2.5.  We estimate that secondary 
formation would increase the amount of PM2.5 associated with the proposed terminal by 75% to 89%. 
 
Low Sulfur Scenario. In response to standards recently adopted by the International Maritime 
Organization (IMO), we developed a scenario that account for the possibility of sulfur in fuel declining 
substantially in the future. 
 
Results 
 
The BenMAP analysis revealed that the estimated health costs of the proposed North Charleston terminal 
at capacity will range between $2.8 million and $27.0 million per year, in 2006 dollars.  The wide range 
reflects different health impact estimates associated with PM2.5 in the medical studies currently available, 
assumptions about secondary formation of PM2.5, and the use of low sulfur fuel. 
 
It should be noted that these estimated health costs could be used to get a general sense of the health costs 
associated with all Charleston port facilities combined.  The proposed North Charleston terminal is 
expected to handle 1.4 million ten-foot equivalents (TEUs) of cargo per year at capacity, whereas the 
existing Charleston port facilities are expected to handle 2.6 million TEUs per year at capacity, giving a 
total capacity of 4.0 million TEU.  As discussed in the results chapter, we estimate that the health impacts 
of the three existing terminals in 2025 would exceed that of the proposed terminal by about a factor of 
two. 
 
Finally, the report provides a preliminary analysis of the cost of controlling pollution at the North 
Charleston Port, compared to the cost of public health impact.  Looking at some of the more cost-
effective control strategies, the cost of avoiding one premature death in the Charleston metropolitan area 
could be as little as $400,000 to $2 million.  In comparison, the U.S. EPA typically uses a societal cost of 
$7.9 million to value a single premature death. 
 
This section of the report also notes that significant uncertainties arise when control cost estimates 
developed for one location are applied to another location.  A more thorough analysis of this issue should 
be developed, focusing specifically on Charleston port facilities. 
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1.  Introduction 
 
The purpose of this report is to evaluate the emission sources and their control costs, air quality impacts, 
and health impacts of a proposed marine container terminal at the Charleston Naval Complex (CNC) in 
North Charleston, South Carolina.  The proposed terminal is part of an expansion project at the Port of 
Charleston, which is projected to increase its container throughput from 1.65 million twenty-foot 
equivalent units (TEU) in 2004 to 4 million TEU by 2025.1  The three existing container terminals have a 
capacity of roughly 2.6 million TEU, so the remainder of projected throughput in 2025, or 1.4 million 
TEU, would come from the expansion analyzed in this report.  The environmental and health impacts that 
we model in the present report result from this 1.4 million TEU expansion, not from the three existing 
terminals, whose impacts we do not model directly.  Instead, as discussed in the results chapter, we 
indirectly model the health impacts of the existing terminals using the modeling that we conducted for the 
1.4 million TEU expansion. 
 
The focus of the present analysis is to estimate the health costs from the proposed CNC terminal in 2025.  
In Chapter 2 we evaluate the emission inventory used in the Final Environmental Impact Statement 
(FEIS) and develop two alternative emission inventories.  In Chapter 3, we estimate the costs of 
additional control measures to reduce emissions.  In Chapter 4, we describe the air quality modeling that 
we did with the original FEIS emission inventory and the two alternative inventories that we describe in 
Chapter 2.  In Chapters 5 and 6, we describe how we use the Environmental Benefits Mapping and 
Analysis Program (BenMAP) to estimate the increase in adverse health effects and their societal cost due 
to the increase in ambient PM2.5 levels associated with the proposed CNC terminal.  And in Chapter 7, 
we present our results.  Details of our analysis are provided in the appendices. 

                                                      
1 See page 4 in the Final Environmental Impact Statement (FEIS). 
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2.  Emission Inventory Evaluation 
 
The Final Environmental Impact Statement (FEIS) for the port estimated emissions from container ships, 
harbor craft, cargo handling equipment, and on-road motor vehicles for 2015, 2020, and 2025 (North 
Wind, 2006).  Emission inventories for each of these years included emission estimates for carbon 
monoxide (CO), nitrogen oxides (NOx), sulfur dioxide (SO2), volatile organic compounds (VOC), 
particulate matter less than 10 microns in diameter (PM10) and PM2.5.  Our analyses focused on the 2025 
emission inventory, which was used as input data for the air quality modeling and represents the terminal 
at capacity operation.  Figure 1 shows the locations of roadway and shipping emissions included in the 
2025 modeling inventory, as well as 2005 census tract-level population densities for the Charleston area. 

 
Figure 1.  Map of Population Densities and Emission Sources 

 
 

2.1  Container Ships and Harbor Craft 
 
Emissions from container ships were estimated based on average ship characteristics, average trip 
characteristics, and the annual number of vessel calls.  Average ship characteristics, including power 
ratings for main and auxiliary engines, were derived from an U.S. Environmental Protection Agency 
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(EPA) guidance document on port emission inventories (ICF Consulting, 2006) and were judged to be 
representative of ships currently serving the Port of Charleston.  Average trip characteristics, including 
the time spent in various operating modes (e.g., cruising, reduced speed, maneuvering, and berthing), 
were based on existing operations at the Port of Charleston.  Similarly, emissions from harbor craft, such 
as tugboats and dredgers, were based on assumptions about the number, engine size, and operating hours 
of harbor craft currently serving the port (North Wind, 2006). 
 
The methods used to estimate emissions from container ships and harbor craft were consistent with EPA 
guidance documents and with methods recently used by the California Air Resources Board (CARB) for 
health risk assessments at other ports, including the Ports of Los Angeles and Long Beach (California Air 
Resources Board, 2006) and the Port of Oakland (California Air Resources Board, 2008).  The magnitude 
of emission estimates for ships and harbor craft also seemed reasonable when compared with other port 
emission inventories.  For example, Figure 2 shows PM10 emissions per vessel call for container ships and 
harbor craft operating at the Port of Oakland and the proposed CNC terminal (the Port of Oakland has 
significantly higher container traffic than does the CNC terminal, so emissions were normalized by vessel 
calls for comparison purposes).  Emissions at the two ports are comparable, although container ship 
emissions are about 50 percent higher at the Port of Oakland due to the inclusion of cruising mode 
emissions out to 40 km from the port (compared to only 20 km in the CNC emission inventory). 
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Figure 2.  PM10 Emissions per Vessel Call for Container Ships and Harbor Craft 

 

An issue of concern with the emission inputs used for the air quality modeling is that North Wind (2006, 
Appendix B) did not include PM2.5 emissions from vessels operating in cruising mode (i.e., approaching 
the port but not yet required to reduce speed).  These emissions total approximately 19 tons/year.  The 
total PM2.5 emissions from all port-related sources in the modeling inventories total 33 tons/year, so 
including the cruising emissions represents an increase of almost 60 percent in PM2.5 emissions.  These 
additional emissions are directly related to the proposed CNC terminal and would affect populated areas 
along the Charleston shipping channel. 
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2.2  Cargo Handling Equipment 
 
Emissions from cargo handling equipment were estimated based on the number, engine sizes, and 
operating times of various types of equipment expected to be in use at the CNC terminal, assumptions 
which were based on current operations at the Port of Charleston.  However, emissions from cargo 
handling equipment also depend on the age of the equipment, and federal emission standards for various 
model years are different.  For example, Table 1 shows four “tiers” of federal emissions standards and the 
affected model years for diesel-powered equipment with engine horsepower ranging from 175 to 300 
horsepower (hp) (U.S. Environmental Protection Agency, 2004, Table 1). 
 

Table 1.  Federal Emission Standards for Non-Road Diesel Engines, 175-300 hp 

Emission Limit (g/hp-hr) 
Model Years Standard 

HC CO NOx PM 

1996-2002 Tier 1 1.0 8.5 6.9 0.4 

2003-2005 Tier 2  2.6  0.15 

2006-2010 Tier 3  2.6   

2011-2013 Tier 4 transitional 0.14  0.3 0.01 

2014+ Tier 4 0.14  0.3 0.01 

 
 
These standards indicate that a piece of equipment made in 2002 may emit 40 times as much PM as a 
similar piece of equipment made in 2011.  This difference is important, as the FEIS assumes that all cargo 
handling equipment operating at the CNC terminal will be purchased new, with a manufacturing date of 
2012 or later.  As a result, all 128 pieces of equipment assumed to be operating at CNC in 2025 fall under 
the Tier 4 emission standard and are estimated to produce only 0.8 tons per year of PM emissions.  For 
purposes of comparison, in the 2005 emission inventory developed for the Port of Charleston, 168 pieces 
of cargo handling equipment were estimated to produce 18.2 tons per year of PM, with the average age of 
various types of equipment ranging from 4 to 29 years. 
 
To investigate the reasonableness of the assumptions in the FEIS about equipment ages, we ran EPA’s 
NONROAD model for the year 2025 and generated equipment population distributions by model year.2  
Figure 3 shows NONROAD model year distributions for cranes and yard tractors, the two most common 
types of cargo handling equipment at the proposed CNC terminal.  These distributions show that in 2025, 
virtually all yard tractors will date from 2012 or later, while about 80 percent of cranes are expected to 
date from 2012 or later.  These findings suggest that the assumed age distribution of cranes in the FEIS is 
somewhat inconsistent with what is estimated by the NONROAD model, and may underestimate actual 
emissions in 2025. 
 

                                                      
2 NONROAD calculates equipment populations by age based on the median life, annual hours of activity, load 

factors, and scrappage rate for each equipment type.  The NONROAD model is available at: 
http://www.epa.gov/OMS/nonrdmdl.htm.  
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Figure 3.  Cargo Handling Equipment Population Distributions by Model Year 

 
 

2.3  On-road Motor Vehicles 
 
Emissions from on-road motor vehicles were estimated based on the estimated number of vehicle trips 
generated by the CNC terminal at build-out in year 2025, the fraction of heavy-duty vs. light-duty 
vehicles, roadway segment lengths for terminal approaches, and emission factors from EPA’s MOBILE6 
motor vehicle emissions model.  Though the methods used to estimate emissions from on-road motor 
vehicles are generally reasonable, it should be noted that roadway segments included in the emission 
estimates extend less than 10 km from the proposed CNC terminal (see Figure 1).  However, a 2002 
origin-destination study conducted at the Port of Charleston revealed that 63.4 percent of trucks with 
containers were bound for destinations beyond the Tri-County area.3  In the 2005 emission inventory 
developed for the Port of Charleston (Moffatt & Nichol Engineers, 2008), this information was used to 
estimate travel distances for trucks accessing port terminals, and it was determined that the average truck 
traveled 28.3 miles (46 km) before arriving at a local destination or leaving the Tri-County area (see 
Table 2). 
 

                                                      
3 The Tri-County area consists of Charleston, Berkeley, and Dorchester counties. 
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Table 2.  2005 Truck Activity Data for the Port of Charleston 

Truck Type Annual Trips Average Distance 
(miles) 

Annual Vehicle 
Miles Traveled 

Container (loaded or empty) 1,343,142 35.6 47,839,219 

Bobtail (tractor only) 383,755 11.7 4,474,180 

Bare chassis (no container) 191,877 10.2 1,949,657 

Total 1,918,774 28.3 54,263,056 

Because the on-road emissions included in the 2025 modeling conducted for the FEIS extend only a few 
miles from the port, these emission estimates do not fully account for potential health impacts on 
relatively densely populated portions of the Tri-County area.  Therefore, we recommend extending on-
road emission estimates for major roadways to county boundaries to provide a better approximation of 
potential health impacts from this source of emissions. 

 

2.4  Emission Inventory Revisions 
 
Based on the analysis and recommendations described above, we made two modifications to the 2025 
modeling inventories developed for the FEIS.  First, cruising mode emissions for container ships 
calculated for the FEIS, but not included in air quality model runs, were added to the modeling 
inventories.  In the FEIS, these cruising emissions were calculated over a travel distance of about 20 km 
and were estimated to total 19 tons per year of PM2.5.  We evenly distributed these PM2.5 emissions along 
a known shipping channel approaching the Port of Charleston, as defined by a national transportation 
database (Bureau of Transportation Statistics, 2005). 

Second, we extended existing modeling emission estimates for on-road motor vehicles traveling along I-
26, I-526, and arterial roads to county boundaries or to junctions where the direction of further travel was 
unknown.  Existing emission rates for these roadways in the modeling inventories were estimated based 
on travel speeds of 55 mph for I-26 and I-526 and 25 mph for arterial roads, and we assumed that these 
speeds remained constant along the “extended” portions of these roadways.  Figure 4 shows the locations 
of roadway and shipping emissions included in the modified 2025 modeling inventory.  Table 3 provides 
a comparison between the PM2.5 inventory used for modeling in the FEIS and the modified PM2.5 
inventory we developed. 
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Figure 4.  Map of Population Densities and Revised Emission Sources 

 
In addition, we developed another PM2.5 emission inventory that estimates the potential impact of 
standards recently adopted by the International Maritime Organization (IMO) that could limit the sulfur 
content of fuel burned in ocean-going vessels down to 0.5% and perhaps as low as 0.1% by 2025.4 To get 
down to 0.1% fuel sulfur, however, the U.S. government would need to petition the IMO to designate the 
coast around Charleston an Emission Control Areas (ECA).  With an ECA designation, EPA has 
estimated that the new fuel standard would reduce PM emissions from ocean-going vessels by 85%.5   

It can be difficult to predict the outcome of new regulatory measures, so we have presented results 
without any of the changes outlined by the IMO as well as results assuming an ECA designation in the 
Charleston area.  Table 3 provides a comparison between the PM2.5 inventory used for modeling in the 
FEIS, the modified PM2.5 inventory developed for this analysis, and the “low sulfur” version of our 
modified inventory for which we assumed an ECA designation. 

                                                      
4 Currently we assume 2.7% fuel sulfur content in our modified emission inventory. 
5 See: http://www.epa.gov/otaq/regs/nonroad/marine/ci/420f08033.htm. 
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Table 3.  Comparison of PM2.5 Emission Inventories 

PM2.5 emissions (tons/year) 
Source 

FEIS Modified Modified  
with Low Sulfur 

Container Ships    

 Berthing - main engines 3.2 3.2 0.5 

 Berthing - auxiliary engines 16.4 16.4 2.5 

 Boilers 0.2 0.2 0.2 

 Maneuvering 2.7 2.7 0.4 

 RSZ 3.8 3.8 0.6 

 Cruising 0.0 18.8 2.8 

Harbor Craft    

 Dredgers 1.9 1.9 1.9 

 Tugboats 1.7 1.7 1.7 

Cargo handling equipment 0.8 0.8 0.8 

Motor vehicles    

 On-site idling 1.4 1.4 1.4 

 Freeways and arterials 0.7 1.0 1.0 

Total 32.7 51.8 13.8 
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3.  Emission Control Costs 
 
This chapter presents cost information on a variety of port-related emissions control measures.  Table 4 
presents a summary of the estimates (in terms of costs per pound reduced), and we describe each estimate 
in turn below. As we describe below, there are significant uncertainties attached with these estimates, as a 
number of factors make it difficult to use estimates developed for one location and apply them to another. 

Table 4.  Summary of Control Measure Cost Estimates Ports 

 Cost per Pound  

Control Measure NOx PM Comments 

Ship fuel sulfur content $1.60 $16 Any proposed fuel sulfur regulations may be 
superseded by IMO requirements. 

Cold-ironing $24.25 $154 Based on Port of Oakland estimates and adjusted for 
fuel sulfur content. 

Vessel speed reductions -- -- Final CARB cost estimates are not currently 
available. 

Drayage truck retrofit and 
replacement 

$6 to $8 $57 to $77 This control measure may have limited effectiveness 
for a future-year project due to normal fleet turnover. 

Harbor craft fuel sulfur 
content 

$1.10 to 
$1.60 

$1.10 to 
$1.60 

Costs are for pounds of NOx plus PM reduced.  This 
control measure will be superseded by an identical 
federal measure in 2012 (before the proposed 
terminal expansion). 

Harbor craft engine 
replacement 

$0.90 $14 The effectiveness of this measure for the proposed 
terminal expansion would depend upon the number 
of unregulated harbor craft operating at the new 
terminal. 

Cargo handling 
equipment 

$1 $21 This control measure may have no applicability to 
the proposed terminal expansion due to the 
anticipated use of all new equipment. 

AMECS $3.30 -- Cost effectiveness provided by the manufacturer.  
We did not find independent information on the cost 
effectiveness of this control technology. 

 
 

3.1  Ship Fuel 
 
On July 24, 2008, the California Air Resources Board (CARB) approved a regulation establishing fuel 
requirements for ocean-going vessel main (propulsion) engines, auxiliary engines, and auxiliary boilers 
when operating within 24 nautical miles of the California Coastline.  The regulation’s Phase 1 fuel 
requirement will become effective on July 1, 2009 and requires vessel operators to use either marine gas 
oil (MGO) with a fuel sulfur content of 1.5% or lower or marine diesel oil (MDO) with a fuel sulfur 
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content of 0.5% or lower.  Phase 2 will become effective on January 1, 2012 and will require the use of 
MGO or MDO with a fuel sulfur content of 0.1% or lower.  CARB investigated the availability of low 
sulfur fuels to meet both Phase 1 and Phase 2 requirements, focusing on Pacific Rim ports where 
California-bound vessels would be likely to refuel.  CARB concluded, with some uncertainty, that the 
fuels specified in the regulation will be available for purchase by the proposed compliance dates (CARB, 
2008a). 
 
CARB estimates that the Phase 1 fuel requirements will result in statewide emission reductions of 13 tons 
per day (tpd) of diesel PM, 10 tpd of NOx, and 109 tpd of SOx.  The Phase 2 fuel requirements will result 
in an additional 9% reduction in diesel PM and SOx.  Costs associated with the regulation are primarily 
due to the fact that lower sulfur marine distillate fuel is more expensive than the residual fuel oil the 
majority of ocean-going vessels currently use in their engines and boilers, which will add approximately 
$30,000 in fuel costs to each visit to a California port.  Annually, these costs are estimated to be $300,000 
to $700,000 for each company with vessels visiting California ports, or $140 million to $160 million per 
year for the entire fleet of vessels visiting California ports.  CARB estimates the overall cost-effectiveness 
of the regulation to be $32 per pound of diesel PM reduced.  Taking into account accompanying 
reductions in NOx and SOx, costs were estimated to be $16 per pound for PM and $1.60 per pound for 
NOx and SOx (CARB, 2008a). 
 
While these numbers likely represent the best available data on cost estimates for low sulfur fuel for 
ocean-going vessels, it should be noted that CARB’s assessment may not reflect trip lengths, fuel costs, or 
the availability of low sulfur fuels for vessels visiting ports in the eastern U.S. such as the Port of 
Charleston.  In addition, CARB notes that the International Maritime Organization (IMO) may establish 
Emission Control Areas (ECAs) that would require the use of 0.1% sulfur fuel beginning in 2015.  If the 
California coastline is designated as an ECA, the CARB fuel sulfur regulation would be terminated 
(CARB, 2008a). 
 

3.2  Cold Ironing 
 
While docked (or “hotelling”) at a port, ocean-going vessels use auxiliary engines to power onboard 
equipment.  Emissions from auxiliary engines can be eliminated through the provision of dockside power, 
a process known as “cold-ironing.”  CARB developed cold-ironing cost estimates which indicate that 
emission reduction costs are $6.40 per pound for NOx and $345 per pound for PM (distributing half the 
costs to each pollutant results in estimates of $3.20 per pound for NOx and $172.50 per pound for PM).6 
 
These cost estimates derived by CARB are from an evaluation of cold-ironing at California ports.  The 
reported costs vary by port according to the length of an average container ship visit and other factors.  
Table 5 shows cost estimates for container ships at the Ports of Los Angeles/Long Beach (POLA/LB) and 
the Port of Oakland, as well as the average length of container ship visits at each port. 

                                                      
6 See page 23:  Regulations to Reduce Emissions from Diesel Auxiliary Engines on Ocean-Going Vessels While At-

Berth at a California Port: http://www.arb.ca.gov/regact/2007/shorepwr07/isor.pdf.  
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Table 5.  Cold-Ironing Cost Estimates for California Ports 

Port Average visit 
length 

NOx reduction 
costs 

PM reduction 
costs 

Los Angeles / 
Long Beach 

65 $7.75 per pound $282.50 per pound 

Oakland 22 $24.25 per pound $925.00 per pound 

 
 
According to the Port of Charleston’s Final Environmental Impact Statement (FEIS) for the proposed 
expansion project, the average container ship visit length for the proposed terminal is 18 hours (North 
Wind, 2006).  This shorter visit length indicates that the higher cost estimates for the Port of Oakland may 
be more reasonable for the Port of Charleston than the Port of Los Angeles and Port of Long Beach 
estimates. 
 
However, it should also be noted that the CARB cost estimates for cold-ironing are based on CARB ship 
fuel regulations that assume ship auxiliary engines will be burning 0.1% sulfur fuel by 2010 (CARB, 
2006).  As a result, additional PM reductions from cold-ironing are relatively small, leading to high PM 
reduction costs for this control measure.  By comparison, the Port of Charleston FEIS assumed a fuel 
sulfur content of 2.7% for container ships visiting the new terminal.  According to CARB emission factor 
documentation for ocean-going vessels (Sax and Alexis, 2007), this higher fuel sulfur content would 
result in PM emission factors that are approximately six times higher than PM emission factors for fuels 
with a sulfur content of 0.1%.  Therefore, cost estimates based on this higher fuel sulfur content would 
result in significantly lower PM reduction costs due to the removal of six times more PM emissions ($925 
÷ 6 = $154 per pound). 
 

3.3  Vessel Speed 
 
CARB is currently evaluating an ocean-going vessel speed reduction program at major ports throughout 
the state as part of its efforts to reduce greenhouse gas emissions, health risks from diesel emissions, and 
goods movement emissions.  This program would limit ocean-going vessels speeds to 12 knots at either 
24 or 40 nautical miles from shore.  CARB estimates that such a program at 24 nautical miles would 
reduce emissions by 14% to 21%, depending on the pollutant.  At 40 nautical miles, emission reductions 
range from 28% to 36%, depending on the pollutant (CARB, 2008b). 
 
The economic impacts of a vessel speed reduction program in California include administrative costs 
incurred by ports, ship delay costs incurred by terminal operators and vessel operators, outreach and 
technical support costs incurred by the Marine Exchange, and enforcement and monitoring costs incurred 
by CARB.  However, some of these costs would be offset by fuel savings (CARB, 2008b). 
 
CARB has assembled some preliminary estimates for some of the costs associated with this control 
measure; however, data gaps remain for fuel costs, delay costs, and other factors.  As a result, we do not 
present an estimate for vessel speed control costs. 
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3.4  Drayage Trucks 
 
On December 24, 2008, the California Office of Administrative Law (OAL) approved a California Air 
Resources Board (CARB) regulation designed to reduce emissions from drayage trucks operating at 
California’s ports and railyards.  The regulation requires drayage trucks to be replaced or retrofitted with 
emission control devices in two phases.  First, by December 31, 2009, all pre-1994 model year (MY) 
engines are to be retired and/or replaced with 1994 and newer MY engines, while all trucks with 1994-
2003 MY engines will be required to achieve an 85% reduction in PM emissions through an ARB-
approved control strategy.  Secondly, by December 31, 2013, all trucks with 1994-2003 MY engines will 
be required to further reduce emissions to meet 2007 MY standards (CARB, 2007c). 
CARB estimates that this regulation, when fully implemented, will result in statewide emission reductions 
of 2.6 tpd of diesel PM and nearly 34 tpd of NOx.  Cost effectiveness ranges are $57 to $77 per pound for 
PM and $6 to $8 for NOx, assuming that all Phase 1 costs are associated with PM reductions and all 
Phase 2 costs are associated with NOx reductions .  All these estimates are based on CARB assumptions 
that, currently, 28% of drayage trucks have pre-1994 MY engines, 68% have 1994 to 2003 MY engines, 
and 4% have 2004 MY or newer engines (CARB, 2007c). 
 
However, it should be noted that because these estimates are based on California’s 2007 drayage truck 
age distribution, they are not directly transferrable to a future-year port expansion in Charleston.  For the 
Port of Charleston FEIS (North Wind, 2006), emission estimates for drayage trucks were based on the 
national average heavy-duty truck age distributions from EPA’s MOBILE6 model for build-out years of 
2015, 2020, and 2025.  MOBILE6’s default age distribution data for heavy-duty trucks shows that only 
38% of heavy-duty trucks would be subject to CARB’s regulation in 2015, and only 11% of heavy-duty 
trucks would be subject to CARB’s regulation in 2025.  The CARB 2007 age distribution, on the other 
hand, shows that 96% of drayage trucks are subject to the regulation (see Figure 5).   
 
This evaluation does not suggest that MOBILE6 age distributions are representative of drayage trucks 
operating at the Port of Charleston, but it does illustrate how emission control programs that may be 
highly effective under current conditions will decrease in effectiveness in the future as normal fleet 
turnover progresses. 
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Figure 5.  Heavy-Duty Truck Age Distribution Comparison 

 

3.5  Harbor Craft 
 
Beginning January 1, 2007, CARB extended the California standards for motor vehicle diesel fuel use to 
harbor craft and intrastate locomotives, establishing a limit of 15 parts per million by weight (ppmw) on 
the sulfur content of diesel fuel used in harbor craft  and locomotives.  The cost effectiveness of this 
measure was estimated to be between $1.10 and $1.60 per pound of NOx plus PM reduced.  This fuel 
standard came into effect before an EPA rule that limits the fuel sulfur content of diesel fuel for off-road 
engines to 15 ppmw in 2012 (CARB, 2004).  However, because the EPA fuel standard will be in effect by 
the time the proposed expansion project at the Port of Charleston is completed, this control strategy is not 
applicable to harbor craft at the new terminal. 
 
On November 15, 2007, CARB approved a regulation to reduce emissions from diesel engines on 
commercial harbor craft, which includes ferries, excursion vessels, tugboats, towboats, work boats, and 
commercial fishing boats.  The regulation requires that, as of January 1, 2009, all newly acquired harbor 
craft engines must meet EPA marine engine standards in effect at the time of acquisition.  Currently, 
about 80% of harbor craft engines in California are unregulated (i.e., “Tier 0” engines) and would be 
replaced with lower-emission Tier 2 engines (currently available) or Tier 3 engines (available 2009 
through 2014).  After full implementation of the regulation in 2025, diesel PM emissions from harbor 
craft would be reduced from 2004 levels by 75% and NOx emissions would be reduced by 60% 
(California Air Resources Board, 2007b). 
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CARB estimated the cost effectiveness for this regulation to be $29 per pound of diesel PM reduced.  If 
costs are split evenly between diesel PM and NOx, the cost effectiveness is estimated at $14 per pound 
for diesel PM and $0.90 per pound for NOx (CARB, 2007b).  However, emission reduction and cost 
effectiveness estimates for the Port of Charleston would depend on the number of unregulated harbor 
craft operating at the proposed new terminal.  By 2015 or 2025, there may be relatively few such vessels 
available for replacement. 
 

3.6  Cargo Handling Equipment 
 
Effective December 6, 2006, CARB required in-use yard trucks and cargo handling equipment to meet 
best available control technology (BACT) standards and new yard trucks and cargo handling equipment 
to  meet the certified on-road engine standards for the model year in which the engine was purchased.  
CARB staff estimates that by 2020, this regulation will reduce diesel PM emissions from cargo handling 
equipment by 1.73 million pounds and NOx emissions by 37.3 million pounds, relative to 2004 levels.  
The cost effectiveness of this regulation is estimated to be about $21 per pound of PM reduced and $1 per 
pound of NOx reduced (CARB, 2007a). 
 
The focus of this regulation is to accelerate the turnover of older yard trucks and cargo handling 
equipment to those equipped with cleaner engines.  However, the Port of Charleston FEIS (North Wind, 
2006) assumes that all cargo handling equipment operating at the new terminal will be purchased new, 
with a manufacturing date of 2012 or later.  If this assumption is correct, all cargo handling equipment at 
the new terminal would fall under EPA’s most stringent (Tier 4) emission standard. 
 

3.7  AMECS 
 
Advanced Maritime Emissions Control Systems (AMECS) is designed to capture and treat exhaust 
emissions as they come from the stacks of ships in port.  The cost estimates were originally prepared by 
Advanced Cleanup Technologies, Inc. (ACTI), the developer of AMECS.  ACTI estimates the cost 
effectiveness of AMECS to be $6,597 per ton of NOx removed, or $3.30 per pound.  While it appears that 
independent tests have verified the effectiveness of AMECS,7 we did not find independent estimates of 
the cost effectiveness of this control technology.  ACTI also provides a comparative cold-ironing cost 
effectiveness of $30,000 per ton of NOx removed, or $15 per pound. 
 
In addition, ACTI notes that cold-ironing does not address emissions from a vessel’s boilers, while 
AMECS does capture boiler emissions.  However, boilers are generally used to heat residual fuel before it 
is burned in a vessel’s diesel engines (North Wind, 2006), and if cold-ironing were in place, there would 
appear to be no need to continue heating residual oil for use in a vessel’s auxiliary engines. 

                                                      
7 See for example the Reuters news report noting independent testing: 

http://www.reuters.com/article/pressRelease/idUS216723+19-Jun-2008+BW20080619.  
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4.  Air Quality Modeling 
 
 
North Wind, Inc. (2006) conducted air quality modeling in support of the FEIS to evaluate potential air 
quality impacts of emissions from the proposed CNC terminal and to compare those impacts to National 
Ambient Air Quality Standards (NAAQS) and Prevention of Significant Deterioration (PSD) increments.8  
EPA’s Industrial Source Complex Short Term version 3 (ISCST3) dispersion model was selected by 
North Wind for these analyses, and emission inputs were based on activity levels associated with the 
CNC terminal’s build-out year of 2025. 

Dispersion modeling was conducted using a variety of emission sources and receptor grids and five 
sequential years of meteorological data (1987-1991).  First, “on-site” emissions (ships at berth, idling 
vehicles, and cargo handling equipment) were modeled over a receptor grid with 500-m spacing between 
receptors out to a distance of 5 km, 1,000-m spacing for distances between 5 km and 10 km, 2,500-m 
spacing for distances between 10 km and 15 km and 5,000-m spacing for distance between 15 km and 25 
km.  These model runs defined “Significant Impact Areas” for each pollutant and were used to determine 
the receptor grids for subsequent model runs, as well as the “off-site” emission sources that would be 
included as emission inputs (off-site sources include motor vehicles on local arterials and freeways, ships 
and harbor craft operating in the shipping channel or maneuvering zone, and permitted stationary sources 
in the Tri-County area).  Subsequent model runs used smaller receptor grids that focused on areas of 
higher air quality impacts and generally extended only 2 km to 10 km from the facility. 

As noted in an earlier assessment of the Port of Charleston’s FEIS (Research Systems Group, 2007), 
results from modeling conducted for the FEIS indicate that the expansion project will result in violations 
of the new PM2.5 24-hr standard of 35 µg/m3, as shown in Table 4.9  Moreover, though PM2.5 inventories 
for the NAAQS analysis model runs should have included emission sources for the CNC terminal plus 
existing permitted sources in the region, the latter sources were not included in the model runs.10  The 
inclusion of permitted sources of PM2.5 would likely have resulted in a violation of the annual PM2.5 
standard of 15 µg/m3 as well, given that the predicted PM2.5 concentrations from the ISCST3 runs reached 
13.9 µg/m3. 

                                                      
8 PSD increments represent the maximum allowable increase in a pollutant concentration above some baseline 

concentration. 
9 NAAQS comparisons in the FEIS were based on the former standard of 65 µg/m3. 
10 Emissions from permitted sources in the Tri-County area were based on data provided by the South Carolina 

Department of Health and Environmental Control (SCDHEC).  The FEIS states that PM2.5 emissions were not 
included in the SCDHEC-provided inventory of permitted sources, but PM2.5 emissions could have readily been 
estimated from PM10 emissions provided by SCDHEC and PM2.5 size fractions for the various emission sources 
included in the inventory. 
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Table 6.  Impacts of the CNC terminal on Particulate Matter Concentrations 

Pollutant Averaging 
Period 

ISCST3 impact 
(µg/m3) 

Charleston 
background 

(µg/m3) 

Total impact 
(µg/m3) 

Standard 
(µg/m3) 

PM10 24-hr 25.9 41.0 66.9 150 

PM2.5 24-hr 16.5 29.2 45.7 35 

PM2.5 Annual 1.5 12.5 13.9 15 

 
 

4.1  Revised Air Quality Modeling 
 
With respect to an assessment of health impacts, none of the emission inventories or receptor grids used 
for the ISCST3 runs to support the FEIS is adequate.  For a health risk assessment, all port-related sources 
should be included in the modeling emission inputs.  Also, the receptor grid used for modeling should be 
large enough to cover regions with significant population densities.  Therefore, in addition to developing 
revised modeling emission inputs (as described in Chapter 2), we also developed a new receptor grid with 
1-km spacing between receptors (see Figure 5).  Model runs were then performed using the three 
emission inventories shown in Table 3 and the five years of meteorological data (1987-1991) used in the 
FEIS modeling. 
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Figure 6.  Receptor grid developed for ISCST3 PM2.5 modeling. 

 

As seen in Table 7, the ISCST3 model runs with all three inventories produced similar results in terms of 
peak concentrations, although there were some year-to-year variations in annual average PM2.5 
concentrations due to differences in meteorology, as well as spatial variations in PM2.5 concentrations due 
to emission inventory differences.  The maximum annual average PM2.5 concentrations ranged from 0.52 
to 0.62 µg/m3.  In all cases, maximum annual average PM2.5 concentrations occur in the immediate 
vicinity of the CNC terminal. 

Table 7.  ISCST3 Model PM2.5 Concentrations by Year (µg/m3) 

 Maximum PM2.5 

Meteorology 
Year 

FEIS 
Inventory 

Modified 
Inventory 

Low Sulfur 
Inventory 

1987 0.57 0.58 0.53 

1988 0.58 0.58 0.53 

1989 0.56 0.57 0.52 

1990 0.58 0.59 0.53 

1991 0.61 0.62 0.56 
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4.2  Secondary PM Formation 
 
The ISCST3 model does not account for the formation of particles in the atmosphere, just the direct 
emission of particles from emission sources.  This omission likely leads to a significant underestimate of 
the effect of the port facility on ambient PM2.5 concentrations. 
 
Emissions of SO2, NOx, and ammonia (NH3) interact with water vapor, hydrocarbons, dust, and other 
carbons to form particles of ammonium sulfate and ammonium nitrate.  Because this “secondary” PM can 
constitute a sizable fraction of the total associated with the port, it is important to have at least a simple 
model of the formation of secondary PM2.5. 
 
A detailed treatment of the secondary formation of particulate matter requires a complete emission 
inventory and a significantly more complex model than ISCLT3.  Simpler models, such as ISCLT3, do 
not estimate secondarily formed particulate matter and instead focus on the dispersion of primary 
pollutants. 
 
It is beyond the scope of this memorandum to perform detailed air quality modeling to estimate the 
impact on secondary PM2.5, so we turn to some existing modeling results, conducted for EPA’s NonRoad 
Diesel Rule (U.S. EPA, 2004).  As discussed below, we estimate that accounting for secondary PM2.5 
would increase the proposed CNC terminal’s impact on annual average ambient PM2.5 by roughly 75 to 
89 percent. 
 
Estimating Secondary PM Formation 
 
We performed two main steps in estimating secondary PM2.5 formation: 

• Step 1.  We used the results from the Nonroad Diesel Rule to get an estimate of the impact of 
NOx and SO2 emissions on ambient PM2.5 relative to the impact of primary PM2.5 emissions.   

• Step 2.  We applied the Nonroad results to Charleston.  Specifically, we used the relative impacts 
(from the Nonroad analysis) and the emissions estimates for the CNC terminal to estimate the 
relative contributions of primary PM2.5, NOx, and SO2 emissions to ambient PM2.5. 

 
Step1.  Table 8 presents the emissions reductions and modeled air quality impacts from the Nonroad 
Diesel Analysis (U.S. EPA, 2004).   
 

Table 8.  Preliminary Nonroad Diesel Emission Reductions (tons) 

Year Primary PM2.5 NOx SO2 
2020 98,121 663,618 414,692 
2030 138,208 1,009,744 483,401 
Source: EPA (2004, Table 9-5). 

 
Table 9 presents the population-weighted reduction in PM2.5 for primary PM2.5, ammonium sulfate, and 
ammonium nitrate.  (The population-weighted reduction in PM2.5 can be viewed as the reduction 
experienced by the average person in the continental United States.) 
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We divided the population-weighted reduction in PM2.5 species by the emission reductions (from Table 
8), to estimate the population-weighted reduction in PM2.5 species (primary PM2.5, sulfate, and nitrate) per 
million ton reduction in emissions of primary PM2.5, SO2, and NOx.  Then, using the average of the 2020 
and 2030 results in Table 9, we estimate that a million tons of NOx contributes 0.067 ug/m3 of ambient 
PM2.5, while a million tons of directly emitted (or “primary”) PM2.5 contributes 2.026 ug/m3 of ambient 
PM2.5.  Put another way, one ton of NOx is much less likely to contribute to ambient PM2.5 compared to 
one ton of primary PM2.5.  (The results are similar for SO2.)  Based on the Nonroad results, we estimated 
that NOx has only 3.3 percent (= .067 / 2.206) of the ability of primary PM2.5 to contribute to ambient 
PM2.5, and SO2 has only 8.8 percent of the ability of primary PM2.5. 
 

Table 9.  Preliminary Nonroad Diesel Population-weighted Change in PM2.5 Species (ug/m3) 

Year Primary PM2.5 Nitrate Sulfate 
Population-weighted reduction in PM2.5 (ug/m3)* 
2020 0.203 0.041 0.071 
2030 0.274 0.073 0.09 
Population-weighted reduction in PM2.5 (ug/m3) per million ton reduction in emissions 
2020 2.069 0.062 0.171 
2030 1.983 0.072 0.186 
Avg 2.026 0.067 0.179 
Pct contribution of emissions to ambient PM2.5 normalized to primary PM2.5 
Normalized -- 3.3% 8.8% 
* Source: EPA (2004, Table 9-10). 

 
 
Step 2.  We used the percentages in Table 9 to estimate the formation of NOx and SO2 emissions from the 
Charleston port project.  Table 10 presents the emissions from the FEIS emission inventory and the 
modified emission inventory that we developed.  We see that the amounts of NOx and SO2 emissions are 
roughly an order of magnitude greater than primary PM2.5 emissions.  On the other hand, NOx and SO2 are 
much less likely to contribute to ambient PM2.5.  The net result, as seen in Table 11, is that for each 1 
ug/m3 in primary PM2.5, there is an increase in secondary PM2.5 of about 0.75 to 0.89 ug/m3.  Thus, 
accounting for secondary PM2.5 would increase the change in annual average ambient PM2.5 by roughly 
75 to 89 percent. 
 

Table 10.  Charleston Port Expansion Emission Inventory (tons) 

Emission Inventory Primary PM2.5 NOx SO2 
FEIS 32.7 460.8 221.5 
Modified 51.8 809.8 417.8 

 

Table 11.  Relative Increase in Ambient PM Species per Unit Increase in Primary PM2.5  Due to the 
Charleston Port Expansion (ug/m3) 

Emission Inventory Primary PM2.5 Nitrate Sulfate Primary + Nitrate + Sulfate 
FEIS 1 0.466 0.279 1.75 
Modified 1 0.517 0.368 1.89 
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5.  Calculating Reductions in Adverse Health Impacts 
 
A reduction in ambient PM2.5 levels is associated with reductions in a number of adverse health effects, 
or “endpoints.”  This chapter discusses the calculation of these reductions in health impacts.  The first 
section covers the choice of epidemiological studies and the development of health impact functions.  The 
second section briefly describes how BenMAP calculates adverse health effects, and the third section 
presents the health impact functions that we use.  Appendix C provides additional details on the specific 
form of the health impact functions, and Appendices D and E describe the health incidence rate and 
population data used in these functions. 
 

5.1  Issues in Selecting Epidemiological Studies and Health Impact 
Functions 
 
This section reviews the steps we performed in selecting concentration-response (C-R) functions and 
developing health impact functions from them.  The first sub-section describes how studies were chosen 
from the epidemiological literature for use in the present analysis.  The second sub-section describes how 
we chose the specific estimated C-R relationships, or models, from among the potentially large number 
available in any given study.  (In any given study, there are often a large number of estimated 
relationships between air pollution and adverse health effects, because the estimated relationship can 
depend on the number and types of pollutants included in the model, among other reasons.)  In the third 
sub-section, we briefly discuss the issue of thresholds in health impact functions. 
 

Study Selection 
 
The health impact functions in the BenMAP model, prepared by Abt Associates in close consultation with 
EPA, rely on an up-to-date assessment of the published scientific literature to ascertain the relationship 
between particulate matter and adverse human health effects.  We evaluated studies using a variety of 
selection criteria, including: study location and design, the characteristics of the study population, and 
whether the study was peer-reviewed (Table 12).   
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Table 12.  Summary of Considerations Used in Selecting Studies 

Consideration Comments 
Peer reviewed research Peer reviewed research is preferred to research that has not undergone the peer review 

process. 

Study type Among studies that consider chronic exposure (e.g., over a year or longer) prospective 
cohort studies are preferred over cross-sectional studies because they control for important 
individual-level confounding variables that cannot be controlled for in cross-sectional 
studies.  

Study period Studies examining a relatively longer period of time (and therefore having more data) are 
preferred, because they have greater statistical power to detect effects.  More recent 
studies are also preferred because of possible changes in pollution mixes, medical care, 
and life style over time. 

Study size Studies examining a relatively large sample are preferred because they generally have 
more statistical power to detect small magnitude effects.  A large sample can be obtained 
in several ways, either through a large population, or through repeated observations on a 
smaller population, e.g. through a symptom diary recorded for a panel of asthmatic 
children. 

Study location U.S. studies are more desirable than non-U.S. studies because of potential differences in 
pollution characteristics, exposure patterns, medical care system, population behavior and 
life style. 

Measure of PM For this analysis, C-R functions based on PM2.5 are preferred to those based on PM10 
(particulate matter less than 10 microns in aerodynamic diameter) because reductions in 
emissions from diesel engines are expected to reduce fine particles and not have much 
impact on coarse particles.  

Economically valuable 
health effects 

Some health effects, such as changes in forced expiratory volume and other technical 
measurements of lung function, are difficult to value in monetary terms.  These health 
effects are therefore not quantified in this analysis. 

Non-overlapping 
endpoints 

Although the benefits associated with each individual health endpoint may be analyzed 
separately, care must be exercised in selecting health endpoints to include in the overall 
benefits analysis because of the possibility of double counting of benefits.  Including 
emergency room visits in a benefits analysis that already considers hospital admissions, 
for example, will result in double counting of some benefits if the category "hospital 
admissions" includes emergency room visits. 

 
 

Model Selection 
 
In many epidemiological studies of air pollution and health, researchers estimate and present numerous 
single pollutant and multi-pollutant models for the same pollutant and health endpoint.  These models 
may differ from each other in a number of characteristics, including: the functional form of the model, the 
covariates included in the model, the pollutant exposure metric, the lag structure, and the study 
population.   
 
For the purposes of estimating health benefits associated with pollutant changes, it is neither realistic nor 
advantageous to include every model presented in each study.  However, it is important that a relatively 
objective process be used to select from among models.  Described below are the criteria that were used 
as guidance in the selection of a particular model from among several models presented in a study.  It is 
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not possible in all cases to select a model using a completely objective and mechanical process.  In many 
cases, professional judgment and an understanding of the study context are necessary as well to select the 
most appropriate models.  Table 13 summarizes the selection criteria that we used. 
 

Table 13.  Description of Selection Criteria  

Selection Criteria Description 

Goodness-of-fit statistics If an appropriate measure of goodness of fit (i.e., how well the model fit the data) 
is reported for each of several models in a study, then this measure may be used 
as the basis on which to select a model. 

Best captures distributed lag Select the model that appears to best capture a distributed lag effect, as described 
below.  If multiple single-lag models and/or moving average models are 
specified, select the model with the largest effect estimate, all else equal. 

Best set of control variables Select the model which includes temporal variables (i.e. season, weather patterns, 
day of the week) and other known non-pollutant confounders, all else equal.  
Select the model which uses the most sophisticated methods of capturing the 
relationship between these variables and the dependent variable (e.g., affords the 
most flexibility in fitting possible nonlinear trends). 

Useful for health effects 
modeling 

The model must be in a form that is useful for health effects modeling (e.g., the 
pollutant variable should be a continuous variable rather than a categorical 
variable). 

Sample size Select the model estimated with the larger sample size, all else equal. 

 
 

Distributed Lag Effect 
 
The question of lags and the problems of correctly specifying the lag structure in a model has been 
discussed extensively (U.S. EPA, 2002, Section 8.4.4).  In many time-series studies, after the basic model 
is fit (before considering the pollutant of interest), several different lags are typically fit in separate single-
lag models and the most significant lag is chosen.  The 2002 draft PM CD notes that “while this practice 
may bias the chance of finding a significant association, without a firm biological reason to establish a 
fixed pre-determined lag, it appears reasonable” (U.S. EPA, 2002, p. 8-237).   
 
There is recent evidence (Schwartz, 2000) that the relationship between PM and health effects may best 
be described by a distributed lag (i.e., the incidence of the health effect on day n is influenced by PM 
concentrations on day n, day n-1, day n-2 and so on).  If this is the case, a model that includes only a 
single lag (e.g., a 0-day lag or a 1-day lag) is likely to understate the total impact of PM.  The 2002 draft 
PM CD makes this point, noting that “if one chooses the most significant single lag day only, and if more 
than one lag day shows positive (significant or otherwise) associations with mortality, then reporting a 
RR [relative risk] for only one lag would also underestimate the pollution effects” (U.S. EPA, 2002, p. 8-
241).  The same may hold true for other pollutants that have been associated with various health effects. 
 
Several studies report similar models with different lag structures.  For example, Moolgavkar (2000a) 
studied the relationship between air pollution and respiratory hospital admissions in three U.S. 
metropolitan areas.  The author reports models with PM lagged from zero to five days. Since the lagging 
of PM was the only difference in the models and the relationship is probably best described using a 
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distributed lag model, any of single-lag effect estimates are likely to underestimate the full effect.  
Therefore, we selected the model with the largest effect estimate. 
 

Thresholds 
 
C-R functions estimated using data from clinical (chamber) or epidemiological studies may be estimated 
with or without explicit thresholds. Air pollution levels below a specified threshold are assumed to have 
no associated adverse health effects. When a threshold is not assumed, as is often the case in 
epidemiological studies, any exposure level is assumed to pose a non-zero risk of response to at least one 
segment of the population. 
 
Based on the recent literature, we assume there are no thresholds for modeling PM2.5-related health 
effects.  This is supported by the National Research Council (2002) in its review of methods for 
estimating the public health benefits of air pollution regulations.  They concluded that there is no 
evidence for any departure from linearity in the observed range of exposure to PM10 or PM2.5, nor is there 
any indication of a threshold.  They cite the weight of evidence available from both short- and long-term 
exposure models and the similar effects found in cities with low and high ambient concentrations of PM. 
 

5.2  Calculating Adverse Health Impacts with BenMAP 
 
BenMAP is a population-based system for modeling population exposure to ambient levels of criteria air 
pollutants and estimating the adverse health effects associated with this exposure.  For this particular 
analysis, BENMAP uses the grid cells defined the ISCST3 air quality model.  BENMAP estimates the 
changes in incidence of adverse health and welfare effects associated with given changes in air quality in 
each grid cell, and then sums the results to obtain the estimated effects in the Charleston area. 
 
To calculate mean estimated change in incidence of a given selection of adverse health effect associated 
with a given set of air quality changes, BENMAP performs a series of calculations at each population 
grid-cell.  First, BENMAP accesses the C-R functions needed for the analysis, and then accesses any data 
needed by the C-R functions.  Typically, these include the grid-cell population, the change in population 
exposure at the grid-cell, and the appropriate incidence rate.  BENMAP then calculates the change in 
incidence of each adverse health effect for which a C-R function has been accessed. 
 
A simplified example is shown below. 
 
Health Effect = Air Quality Change * Health Effect Estimate * Exposed Population * Health Baseline 
Incidence  
 

• Air Quality Change.  The air quality change is the difference between the starting air pollution 
level, (i.e., the baseline), and the air pollution level after some change, such as a new emission 
source. 

 
• Health Effect Estimate.  The health effect estimate is an estimate of the percentage change in an 

adverse health effect due to a one unit change in ambient air pollution.  Epidemiological studies 
provide the effect estimates used in this analysis. 
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• Exposed Population.  The exposed population is the number of people affected by the air 
pollution reduction. 

 
• Health Baseline Incidence.  The health incidence rate is an estimate of the average number of 

people that die in a given population over a given period of time.  For example, the health 
incidence rate might be the probability that a person will die in a given year.  

 
BenMAP also calculates the economic value of avoided health effects by multiplying the reduction of the 
health effect by an estimate of the economic value per case:  
 
Economic Value = Health Effect  * Value of Health Effect 
 
There are several different ways of calculating the value of the health effect.  For example, the value of an 
avoided premature mortality is generally calculated using the Value of Statistical Life (VSL).  The value 
of a statistical life is the monetary value that people are willing to pay to slightly reduce the risk of 
premature death.  For other health effects, the medical costs of the illness may be the only valuation data 
available.  This is discussed further in Chapter 5. 
 

Calculation of Uncertainty 
 
To reflect the uncertainty surrounding predicted incidence changes resulting from the sampling 
uncertainty surrounding the pollutant coefficients in the C-R functions used, BENMAP produces a 
distribution of possible incidence changes for each adverse health effect, rather than a single point 
estimate.  To do this, it uses both the point estimate of the pollutant coefficient (β) in the C-R function 
and the standard error of the estimate to produce a normal distribution with mean equal to the estimate, 
and standard deviation equal to the standard error of the estimate. 
 
Using a Latin Hypercube method, BENMAP takes the nth percentile value of β from this normal 
distribution, for n = 5, 10, ..., 95, and produces an estimate of the incidence change, given the β selected.11  
Repeating the procedure for each value of β selected results in a distribution of incidence changes in the 
population grid-cell.  This distribution is stored, and BENMAP proceeds to the next population grid-cell, 
where the process is repeated.  A distribution of the change in the Charleston area is calculated by 
summing the nth percentile grid cell-specific changes, for n = 5, 10, ..., 95.  
 
The uncertainty about the total dollar benefit associated with any single endpoint combines the 
uncertainty with the health incidence estimate and uncertainty with the unit dollar values, and is estimated 
with a Monte Carlo method.  In each iteration of the Monte Carlo procedure, a value is randomly drawn 
from the incidence distribution and a value is randomly drawn from the unit dollar value distribution, and 
the total dollar benefit for that iteration is the product of the two.  This is repeated for many (e.g., 
thousands of) iterations to generate the distribution of total dollar benefits associated with the endpoint. 
 
Using this Monte Carlo procedure, a distribution of dollar benefits may be generated for each endpoint.  
The mean and median of this Monte Carlo-generated distribution are good candidates for a point estimate 
of total monetary benefits for the endpoint.  As the number of Monte Carlo draws gets larger and larger, 

                                                      
11 For this particular analysis, we chose to use 10 Latin Hypercube points, in order to generate the 5th and 95th 

percentiles.  In general, BenMAP can allow you to choose any number of Latin Hyercube points. 
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the Monte Carlo-generated distribution becomes a better and better approximation to the underlying 
uncertainty distribution of total monetary benefits for the endpoint.  In the limit, it is identical to the 
underlying distribution. 
 

5.3  Summary of Health Impact Functions Used in this Analysis 
 
This Chapter describes individual health effects associated with PM2.5 and the functions used to quantify 
the expected number of cases of various health effects avoided as a result of the Cat-A-Pass system and 
other EPA Verified Technologies.  Table 14 presents the PM-related health endpoints included in our 
analysis.   
 

Table 14.  Epidemiological Studies Used in BenMAP to Estimate Adverse Health Impacts of PM2.5 

Endpoint Author Age 
Mortality, All Cause Pope et al. (2002) 30-99 
Mortality, All Cause Laden et al (2006) 25-99 
Mortality, All Cause Woodruff et al. (1997) Infant 
Chronic Bronchitis Abbey et al. (1995c) 27-99 
Acute Myocardial Infarction, Nonfatal Peters et al. (2001) 18-99 
HA, All Cardiovascular (less Myocardial Infarctions) Moolgavkar (2000b) 18-64 
HA, All Cardiovascular (less Myocardial Infarctions) Moolgavkar (2003) 65-99 
HA, Congestive Heart Failure Ito (2003) 65-99 
HA, Dysrhythmia Ito (2003) 65-99 
HA, Ischemic Heart Disease (less Myocardial Infarctions) Ito (2003) 65-99 
HA, Pneumonia Ito (2003) 65-99 
HA, Chronic Lung Disease (less Asthma) Moolgavkar (2000a) 18-64 
HA, Chronic Lung Disease Ito (2003) 65-99 
HA, Chronic Lung Disease Moolgavkar (2003) 65-99 
HA, Asthma Sheppard (2003) 0-64 
Emergency Room Visits, Asthma Norris et al. (1999) 0-17 
Minor Restricted Activity Days Ostro and Rothschild (1989) 18-64 
Acute Bronchitis Dockery et al. (1996) 8-12 
Work Loss Days Ostro (1987) 18-64 
Lower Respiratory Symptoms Schwartz and Neas (2000) 7-14 
Asthma Exacerbation, Cough Ostro et al. (2001) 6-18 
Asthma Exacerbation, Shortness of Breath Ostro et al. (2001) 6-18 
Asthma Exacerbation, Wheeze Ostro et al. (2001) 6-18 
Upper Respiratory Symptoms Pope et al. (1991) 9-11 
Asthma Exacerbation, Cough Vedal et al. (1998) 6-18 
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Premature Mortality 
 
Health researchers have consistently linked air pollution, especially PM, with excess mortality.  Although 
a number of uncertainties remain to be addressed, a substantial body of published scientific literature 
recognizes a correlation between elevated PM concentrations and increased mortality rates.   
 
Both long- and short-term exposures to ambient levels of particulate matter air pollution have been 
associated with increased risk of premature mortality.  It is clearly an important health endpoint because 
of the size of the mortality risk estimates, the serious nature of the effect itself, and the high monetary 
value ascribed to avoiding mortality risk. 
 
Particulate matter has been linked with premature mortality in adults (Laden, et al., 2006;Jerrett, et al., 
2005;Pope, et al., 2002;Katsouyanni, et al., 2001;Samet, et al., 2000b) as well as infants (Bobak and 
Leon, 1999;Conceicao, et al., 2001;Loomis, et al., 1999;Woodruff, et al., 2008;Woodruff, et al., 1997) in 
multiple studies throughout the world.  Given the importance of premature mortality in adults, we provide 
two separate estimates.  We used an epidemiological analysis of the American Cancer Society cohort by 
Pope et al. (2002) and a recent analysis of the Six Cities cohort by Laden et al (2006).  To estimate 
premature mortality in infants, we used a study by Woodruff et al. (1997). 
 

Chronic Bronchitis 
 
Chronic bronchitis is characterized by mucus in the lungs and a persistent wet cough for at least three 
months a year for several consecutive years, and affects roughly five percent of the U.S. population 
(American Lung Association, 2002b, Table 4).  There are a limited number of studies that have estimated 
the impact of air pollution on new incidences of chronic bronchitis.  Schwartz (1993) and Abbey et al. 
(1995c) provide evidence that long-term PM exposure can give rise to the development of chronic 
bronchitis in the U.S.  A reduction in power plant emissions primarily reduces PM2.5, so this analysis uses 
the Abbey et al study, because it is the only study focusing on the relationship between PM2.5 and new 
incidences of chronic bronchitis. 
 

Non-Fatal Myocardial Infarction (Heart Attack) 
 
Non-fatal heart attacks have been linked with short-term exposures to PM2.5 in the U.S. (Peters, et al., 
2001) and other countries (Poloniecki, et al., 1997). We used the C-R function reported in Peters et al. 
(2001), the only available U.S. study to provide an estimate specifically for PM2.5-related heart attacks.  
Other studies, such as Samet et al. (2000a) and Moolgavkar et al. (2000b), reported a consistent 
relationship between all cardiovascular hospital admissions, including for non-fatal heart attacks, and PM.  
However, they did not focus specifically on heart attacks.  Given the lasting impact of a heart attack on 
longer-term health costs and earnings, it is useful to provide a separate estimate for non-fatal heart attacks 
based on the single available U.S. C-R function. 
 
The finding of a specific impact on heart attacks is consistent with hospital admission and other studies 
showing relationships between fine particles and cardiovascular effects both within and outside the U.S.   
These studies provide a weight of evidence for this type of effect.  Several epidemiological studies (Gold, 
et al., 2000;Liao, et al., 1999;Magari, et al., 2001) have shown that heart rate variability (an indicator of 
how much the heart is able to speed up or slow down in response to momentary stresses) is negatively 
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related to PM levels.  Lack of heart rate variability is a risk factor for heart attacks and other coronary 
heart diseases (Dekker, et al., 2000;Liao, et al., 1997;Tsuji, et al., 1996).  As such, the reduction in heart 
rate variability due to PM is consistent with an increased risk of heart attacks. 
 

Cardiovascular and Respiratory Hospital Admissions 
 
Respiratory and cardiovascular hospital admissions are the two broad categories of hospital admissions 
that have been related to PM exposure.  Although the benefits associated with respiratory and 
cardiovascular hospital admissions are estimated separately in the analysis, the methods used to estimate 
changes in incidence and to value those changes are the same for both broad categories of hospital 
admissions. 
 
Due to the availability of detailed hospital admission and discharge records, there is an extensive body of 
literature examining the relationship between hospital admissions and air pollution.  Because of this, we 
pooled some of the hospital admission endpoints, using the results from a number of studies.   We used a 
relatively simple procedure of simply averaging the estimates.  We could have used a more complicated 
fixed/random effects approach, such as was used in the recent NonRoad Diesel Analysis (Abt Associates 
Inc., 2003). However, there is no single correct pooling procedure.  The fixed/random effects approach 
has a downward bias due to its reliance on the absolute value of the variance of the incidence estimates, 
so studies that have identical t-values, but smaller coefficients (and hence smaller variance) receive a 
greater weight. Taking a simple average in the present analysis seems reasonable. 
 
To estimate avoided cardiovascular hospital admissions associated with reduced PM2.5, we use studies by 
Moolgavkar (2000b; 2003) and Ito (2003).  There are additional published studies showing a statistically 
significant relationship between PM10 and cardiovascular hospital admissions.  However, given that the 
control option we are analyzing is expected to reduce primarily PM2.5, we have chosen to focus on the two 
studies focusing on PM2.5.  Both of these studies estimated C-R functions for populations over 65, 
allowing us to pool the C-R functions for this age group.  Only Moolgavkar (2000b) estimated a separate 
C-R function for populations age 20 to 64.  Total cardiovascular hospital admissions are thus estimated as 
the sum of the pooled estimate for populations over 65 and the single study estimate for populations age 
20 to 64.   
 
Cardiovascular hospital admissions include admissions for myocardial infarctions (MIs).  In order to 
avoid double counting benefits from reductions in MI when applying the C-R function for cardiovascular 
hospital admissions, we first adjusted the baseline cardiovascular hospital admissions to remove 
admissions for myocardial infarction.  
 
To estimate total avoided respiratory hospital admissions, we use C-R functions for several respiratory 
causes, including chronic obstructive pulmonary disease (COPD), pneumonia, and asthma.  As with 
cardiovascular admissions, there are additional published studies showing a statistically significant 
relationship between PM10 and respiratory hospital admissions.  However, we use only those focusing on 
PM2.5.  Both Moolgavkar (2000b; 2003) and Ito (2003) estimated C-R functions for COPD in populations 
over 65, allowing us to pool the C-R functions for this group.  Only Moolgavkar  (2000a) estimated a 
separate C-R function for populations 20 to 64.  Total COPD hospital admissions are thus the sum of the 
pooled estimate for populations over 65 and the single study estimate for populations age 20 to 64.   In 
addition, Sheppard et al (1999) estimated a C-R function for asthma hospital admissions for populations 
under age 65.  Total avoided PM-related respiratory hospital admissions is the sum of COPD, pneumonia, 
and asthma admissions. 
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Asthma-Related Emergency Room (ER) Visits 
 
To estimate the effects of PM air pollution reductions on asthma-related ER visits, we use the C-R 
function based on a study of children 18 and under by Norris et al. (1999).  Another study, Schwartz et al. 
(1993), examined a broader age group (under 65) but focused on PM10 rather than PM2.5.  Because 
children tend to have higher rates of hospitalization for asthma relative to adults under 65, we will likely 
capture the majority of the impact of PM2.5 on asthma ER visits in populations under 65, although there 
may still be significant impacts in the adult population under 65 but over 18.   
  
Initially we were concerned about double-counting the benefits from reducing both hospital admissions 
and ER visits.  However, our estimates of hospital admission costs do not include the costs of admission 
to the ER, so we can safely estimate both hospital admissions and ER visits. 
 

Acute Bronchitis 
 
Around five percent of U.S. children between ages five and seventeen experience episodes of acute 
bronchitis annually (Adams and Marano, 1995).  Acute bronchitis is characterized by coughing, chest 
discomfort, slight fever, and extreme tiredness, lasting for a number of days.  According to the 
MedlinePlus medical encyclopedia1, with the exception of cough, most acute bronchitis symptoms abate 
within 7 to 10 days.  We estimated the incidence of episodes of acute bronchitis in children between the 
ages of 8 and 12 using a C-R function reported in Dockery et al. (1996).   
 
Dockery et al. (1996) examined the relationship between PM and other pollutants and reported rates of 
asthma, persistent wheeze, chronic cough, and bronchitis, in a study of 13,369 children ages 8-12 living in  
24 communities in the U.S. and Canada.  Health data were collected in 1988-1991, and single-pollutant 
models were used in the analysis to test a number of measures of particulate air pollution.  Dockery et al. 
found that annual level of sulfates and particle acidity were significantly related to bronchitis, and PM2.5 
and PM10 were marginally significantly related to bronchitis. 
 

Upper Respiratory Symptoms (URS) 
 
Using logistic regression, Pope et al. (1991) estimated the impact of PM10 on the incidence of a variety of 
minor symptoms in 55 subjects (34 “school-based” and 21 “patient-based”) living in the Utah Valley 
from December 1989 through March 1990.  The children in the Pope et al. study were asked to record 
respiratory symptoms in a daily diary, and the daily occurrences of upper respiratory symptoms (URS) 
and lower respiratory symptoms (LRS), as defined below, were related to daily PM10 concentrations.  
Pope et al. describe URS as consisting of one or more of the following symptoms:  runny or stuffy nose; 
wet cough; and burning, aching, or red eyes.   Levels of ozone, NO2, and SO2 were reported low during 
this period, and were not included in the analysis. 
 

                                                      
1    See http://www.nlm.nih.gov/medlineplus/ency/article/000124.htm, accessed January 2002. 
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The sample in this study is relatively small and is most representative of the asthmatic population, rather 
than the general population.  The school-based subjects (ranging in age from 9 to 11) were chosen based 
on “a positive response to one or more of three questions: ever wheezed without a cold, wheezed for 3 
days or more out of the week for a month or longer, and/or had a doctor say the ‘child has asthma’ (Pope, 
et al., 1991, p. 669).”  The patient-based subjects (ranging in age from 8 to 72) were receiving treatment 
for asthma and were referred by local physicians.  Regression results for the school-based sample (Pope, 
et al., 1991, Table 5) show PM10 significantly associated with both upper and lower respiratory 
symptoms.  The patient-based sample did not find a significant PM10 effect.  The results from the school-
based sample are used here. 
 

Lower Respiratory Symptoms (LRS) 
 
Lower respiratory symptoms include symptoms such as cough, chest pain, phlegm, and wheeze.  To 
estimate the link between PM2.5 and LRS, we used a study by Schwartz and Neas (2000).  Schwartz and 
Neas used logistic regression to link LRS in children with a variety of pollutants, including PM2.5, sulfate 
and H+ (hydrogen ion).  Children were selected for the study if they were exposed to indoor sources of air 
pollution: gas stoves and parental smoking.  A total of 1,844 children were enrolled in a year-long study 
that was conducted in different years (1984 to 1988) in six cities.  The students were in grades two 
through five at the time of enrollment in 1984.  By the completion of the final study, the cohort would 
then be in the eighth grade (ages 13-14); this suggests an age range of 7 to 14. 
 

Minor Restricted Activity Days (MRADs) 
 
Ostro and Rothschild (1989) estimated the impact of PM2.5 on the incidence of minor restricted activity 
days (MRADs) in a national sample of the adult working population, ages 18 to 65, living in metropolitan 
areas.   
 

Work-Loss Days (WLDs)  
 
Ostro (1987) estimated the impact of PM2.5 on the incidence of work-loss days (WLDs), restricted activity 
days (RADs), and respiratory-related RADs (RRADs) in a national sample of the adult working 
population, ages 18 to 65, living in metropolitan areas.  The annual national surveys used in this analysis 
were conducted in 1976-1981.  Ostro reported that two-week average PM2.5 levels were significantly 
linked to work-loss days, RADs, and RRADs; however there was some year-to-year variability in the 
results.  Separate coefficients were developed for each year in the analysis (1976-1981); these coefficients 
were pooled.  The coefficient used in the health impact function used here is a weighted average of the 
coefficients in Ostro (1987, Table III) using the inverse of the variance as the weight. 
 

Asthma Exacerbations 
 
We pool the results of studies by Ostro et al. (2001) and Vedal et al. (1998) to derive an estimate of lower 
respiratory symptoms in asthmatics.  In addition to the lower respiratory estimate, we include an upper 
respiratory estimate based on a study by Pope et al. (1991). 
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6.  Economic Value of Reducing Adverse Health 
Impacts 
 
This Chapter discusses some issues that arise in valuing avoided adverse health effects and then provides 
a summary table of the values that we use.  Appendix F provides additional details on the individual 
effects and the methods we used. 
 

6.1  Issues in Valuing Avoided Adverse Health Effects 
 
This section discusses a number of issues that arise in valuing changes in health effects.  We first discuss 
the use of ex-ante economic values.  Second, we discuss updating our benefit estimates to account for 
inflation.  Third, we discuss the possibility that as income changes, willingness-to-pay (WTP) would also 
change.  Finally, we describe the derivation of the present discounted value of future benefits, such as in 
the case of premature mortality that may occur at some point in the future, relative to a reduction in 
emissions. 
 

Ex-Ante Economic Values 
 
The appropriate economic value for a change in a health effect depends on whether the health effect is 
viewed ex ante (before the effect has occurred) or ex post (after the effect has occurred). Reductions in 
ambient concentrations of air pollution generally lower the risk of future adverse health affects by a small 
amount for a large population. The appropriate economic measure is therefore ex ante WTP for changes 
in risk. However, epidemiological studies generally provide estimates of the relative risks of a particular 
health effect avoided due to a reduction in air pollution. A convenient way to use this data in a consistent 
framework is to convert probabilities to units of avoided statistical incidences. This measure is calculated 
by dividing individual WTP for a risk reduction by the related observed change in risk.  
 
For example, suppose a measure is able to reduce the risk of premature mortality from 2 in 10,000 to 1 in 
10,000 (a reduction of 1 in 10,000). If individual WTP for this risk reduction is $100, then the WTP for 
an avoided statistical premature mortality amounts to $1 million ($100/0.0001 change in risk).  Using this 
approach, the size of the affected population is automatically taken into account by the number of 
incidences predicted by epidemiological studies applied to the relevant population.  The same type of 
calculation can produce values for statistical incidences of other health endpoints. 
 
For some health effects, such as hospital admissions, WTP estimates are generally not available. In these 
cases, we use the cost of treating or mitigating the effect. For example, for the valuation of hospital 
admissions EPA used the avoided medical costs as an estimate of the value of avoiding the health effects 
causing the admission.  These COI estimates generally understate the true value of reductions in risk of a 
health effect, because, while they reflect the direct expenditures related to treatment, they omit the value 
of avoiding the pain and suffering from the health effect itself. 
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Updating Values for Inflation 
 
The valuation functions were originally developed based on year 2000 $.  To allow for the effect of 
inflation, we have adjusted these values to reflect prices in 2006 $. Because some functions are based on 
willingness to pay to avoid illness, while others are based on cost of illness and/or lost wages, three 
different inflation indices are used. These are the All Goods Index, the Medical Cost Index, and the Wage 
Index, respectively.  Table 15 summarizes the values we used. 
 

Table 15.  Inflators and Health Effects Endpoints for Each Inflation Index 

 Index Inflator from 2000 $ to 
2006 $ 

Health Effects Endpoints 

All Goods Index 1.171 Acute Bronchitis 
Asthma Exacerbation 
Chronic Bronchitis 
Lower Respiratory Symptoms 
Mortality 
Minor Restricted  Activity Days 
Upper Respiratory Symptoms 

Medical Cost Index 1.289 Emergency Room Visits 
Hospital Admissions 

Wage Index 1.191 Acute Myocardial Infarction 
Hospital Admissions 
School Loss Days 
Work Loss Days 

 

Growth in Unit Values Reflecting Growth in National Income 
 
The unit value estimates reflect expected growth in real income over time. This is consistent with 
economic theory, which argues that WTP for most goods (such as health risk reductions) will increase if 
real incomes increase. There is substantial empirical evidence that the income elasticity of WTP for health 
risk reductions is positive, although there is uncertainty about its exact value (and it may vary by health 
effect).  Although one might assume that the income elasticity of WTP is unit elastic (e.g., a 10 percent 
higher real income level implies a 10 percent higher WTP to reduce health risks), empirical evidence 
suggests that income elasticity is substantially less than one and thus relatively inelastic. As real income 
rises, the WTP value also rises but at a slower rate than real income.  
 
The effects of real income changes on WTP estimates can influence benefits estimates in two ways: 
through real income growth between the year a WTP study was conducted and the year for which benefits 
are estimated, and through differences in income between study populations and the affected populations 
at a particular time.  Following the analysis in the CAIR regulatory impact assessment, we have focused 
on the former. 
 
The income adjustment in COBRA follows the approach used by EPA (2005, p. 4-17), who adjusted the 
valuation of human health benefits upward to account for projected growth in real U.S. income. Faced 
with a dearth of estimates of income elasticities derived from time-series studies, EPA applied estimates 
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derived from cross-sectional studies.1   The available income elasticities suggest that the severity of a 
health effect is a primary determinant of the strength of the relationship between changes in real income 
and changes in WTP.  As a result, EPA (2005, p. 4-18) used different elasticity estimates to adjust the 
WTP for minor health effects, severe and chronic health effects, and premature mortality (Table 16). 
 
In addition to elasticity estimates, projections of real gross domestic product (GDP) and populations from 
1990 to 2010 are needed to adjust benefits to reflect real per capita income growth. For consistency with 
the emissions and benefits modeling, EPA (2005, p. 4-17) used national population estimates for the years 
1990 to 1999 based on U.S. Census Bureau estimates (Hollman, et al., 2000). These population estimates 
are based on an application of a cohort-component model applied to 1990 U.S. Census data projections 
(U.S. Bureau of the Census, 2000). For the years between 2000 and 2010, EPA applied growth rates 
based on the U.S. Census Bureau projections to the U.S. Census estimate of national population in 2000.  
EPA used projections of real GDP provided in Kleckner and Neumann (1999) for the years 1990 to 2010, 
and used projections of real GDP (in chained 1996 dollars) provided by Standard and Poor’s (2000) for 
later years up through 2024.  For this analysis, we use 2024 as a proxy for 2025.  
 
Using the method outlined in Kleckner and Neumann (1999) and the population and income data 
described above, EPA (2005, p. 4-18) calculated WTP adjustment factors for each of the elasticity 
estimates.  Benefits for each of the categories (minor health effects, severe and chronic health effects, 
premature mortality, and visibility) are adjusted by multiplying the unadjusted benefits by the appropriate 
adjustment factor.  Table 16 lists the estimated adjustment factors. 
 
 

Table 16.  Elasticity Values and Adjustment Factors Used to Account for National Income Growth 

Benefit Category Central Elasticity 
Estimate 

Adjustment Factor 
for 2025* 

Minor Health Effect 0.14 1.076 

Severe & Chronic Health Effects 0.45 1.266 

Premature Mortality 0.40 1.233 

* The EPA estimates of income growth are available until 2024, which we use as a proxy for 
2025. 

 
Note that because of a lack of data on the dependence of COI on income, and a lack of data on projected 
growth in average wages, no adjustments are made to benefits estimates based on the COI approach or to 
work loss days and worker productivity benefits estimates. This lack of adjustment would tend to result in 
an under-prediction of benefits in future years, because it is likely that increases in real U.S. income 
would also result in increased COI (due, for example, to increases in wages paid to medical workers) and 
increased cost of work loss days and lost worker productivity (reflecting that if worker incomes are 
higher, the losses resulting from reduced worker production would also be higher). 

 

                                                      
1 Details of the procedure can be found in Kleckner and Neumann (1999). 
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Present Discounted Value of Avoiding Future Mortality 
 
The delay, or lag, between changes in PM exposures and changes in mortality rates is not precisely 
known.  The current scientific literature on adverse health effects, such as those associated with PM (e.g., 
smoking-related disease), and the difference in the effect size estimated in chronic exposure studies 
versus daily mortality studies, suggests that it is likely that not all cases of avoided premature mortality 
associated with a given incremental reduction in PM exposure would occur in the same year as the 
exposure reduction. 
 
Following recent EPA analyses (U.S. EPA, 2006, p. 5-21), we assume a 20-year lag structure, with 30 
percent of premature deaths occurring in the first year, 50 percent occurring evenly over years 2 to 5 after 
the reduction in PM2.5, and 20 percent occurring evenly over years 6 to 20 after the reduction in PM2.5. It 
should be noted that the selection of a 20-year lag structure is not directly supported by any PM-specific 
literature.  Rather, it is intended to be a best guess at the appropriate time distribution of avoided cases of 
PM-related mortality.  As noted by EPA, the distribution of deaths over the latency period is intended to 
reflect the contribution of short-term exposures in the first year, cardiopulmonary deaths in the 2- to 5-
year period, and long-term lung disease and lung cancer in the 6- to 20-year period. Finally, it is 
important to keep in mind that changes in the lag assumptions do not change the total number of 
estimated deaths but rather the timing of those deaths. 
 
Specifying the lag is important because people are generally willing to pay more for something now than 
for the same thing later.  They would, for example, be willing to pay more for a reduction in the risk of 
premature death in the same year as exposure is reduced than for that same risk reduction to be received 
the following year.  This time preference for receiving benefits now rather than later is expressed by 
discounting benefits received later.  The exact discount rate that is appropriate (i.e., that represents 
people’s time preference) is a topic of much debate.  EPA has typically used a discount rate of three 
percent, and we use a three percent rate for this analysis in conjunction with the 20-year lag structure 
described above.  
 

6.2  Summary of Valuation Functions Used in this Analysis 
 
Table 17 presents a summary of the economic values that we use to estimate the benefits of reducing 
adverse health impacts.  Appendix F presents details on the derivations of these values. 
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Table 17.  Unit Values for Economic Valuation of Health Endpoints Based on 2025 Income (2006 $) 

Health Endpoint Age Range Unit Value 
Mortality 0 - 99 $7,900,000 
Chronic Bronchitis 27 - 99 $500,000 
Acute Myocardial Infarction, Nonfatal 0 - 24 $85,000 
Acute Myocardial Infarction, Nonfatal 25 - 44 $96,000 
Acute Myocardial Infarction, Nonfatal 45 - 54 $100,000 
Acute Myocardial Infarction, Nonfatal 55 - 64 $180,000 
Acute Myocardial Infarction, Nonfatal 65 - 99 $85,000 
HA, All Cardiovascular (less AMI) 18 - 64 $29,000 
HA, All Cardiovascular (less AMI) 65 - 99 $27,000 
HA, Asthma 0 - 64 $10,000 
HA, Chronic Lung Disease 65 - 99 $17,000 
HA, Chronic Lung Disease (less Asthma) 18 - 64 $16,000 
HA, Congestive Heart Failure 65 - 99 $20,000 
HA, Dysrhythmia 65 - 99 $20,000 
HA, Ischemic Heart Disease (less AMI) 65 - 99 $33,000 
HA, Pneumonia 65 - 99 $23,000 
Asthma ER Visits 0 - 17 $370 
Acute Bronchitis 8 - 12 $530 
Lower Resp. Symptoms 7 - 14 $20 
Upper Resp. Symptoms 9 - 11 $31 
MRAD 18 - 64 $75 
Work Loss Days 18 - 64 $140 
Asthma Exacerbation, Cough 6 - 18 $54 
Asthma Exacerbation, Shortness of Breath 6 - 18 $54 
Asthma Exacerbation, Wheeze 6 - 18 $54 
NOTE: Numbers rounded to two significant digits.   
** County-specific median daily wage. 
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7.  Results 
 
Table 18 presents a summary of the results of our analysis.  We estimate that the health costs due to the 
proposed CNC terminal will range from $6.3 million to $15.4 million annually in 2025 for the “modified” 
inventory (described in Chapter 2), and that these costs may range up to $27.0 million annually when 
taking into account secondary PM2.5 formation (described in Chapter 4).  The costs under the “modified 
with low sulfur” inventory, which conservatively assumes the adoption of an ECA around Charleston, 
range from $2.8 million to $6.9 million annually in 2025, and these costs may range as high as $12.1 
million annually after accounting for secondary PM2.5 formation. 
 

Table 18.  Estimated Health Costs of Proposed CNC Terminal (million 2006 $) 

 Primary PM2.5 Emissions Primary PM2.5 Emissions + Secondary 
PM2.5 Formation** 

Emission Inventory Low* High* Low* High* 
Modified $6.3 $15.4 $11.0 $27.0 
Modified with Low Sulfur 
Inventory $2.8 $6.9 $4.9 $12.1 

* The low estimate is based on the Pope et al (2002) mortality estimate.  The high estimate is based on the Laden et 
al (2006) mortality estimate. 
** This assumes that accounting for secondary PM2.5 would increase the change in annual average ambient PM2.5 by 
75 percent, as discussed in Chapter 4. 
 

7.1  Cost-Effectiveness Analysis 
 
Using the costs of control strategies described in Chapter 3, we performed a cost-effectiveness analysis, in 
which we estimated the cost to avoid an additional death due to PM2.5 exposure for each of the control 
measures.  That is, we multiplied the cost of each strategy in $/ton with the tons of PM2.5 linked to an 
additional death; the result is the control cost required to avoid an additional death. 
 
Table 19 presents the results of the cost-effectiveness analysis.  The results depend on the estimated 
number of premature deaths, which we estimated with two different epidemiological studies – one by 
Laden et al (2006) and the other by Pope et al (2002).  The results also depend on the emissions inventory 
used in the air quality modeling.  (As described in Chapter 2 [see Table 3], the “modified” and “modified 
with low sulphur” inventories differ significantly in regard to container ship emissions.  The different mix 
of emissions in the two inventories results in their having a somewhat different magnitude of health 
impacts per ton of emissions, and in turn this affects the estimated control costs required to avoid an 
additional death.) 
 
The results in Table 19, presented in millions of dollars per avoided death, should be compared with the 
value of a statistical life, which we have estimated to be approximately $7.9 million (as described in 
Appendix E).  In all cases, with the exception of the “high” cold-ironing estimate, the value of a statistical 
life is greater than the costs of control needed to avoid an additional premature death, suggesting that the 
control measures are cost effective. 
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Table 19.  Cost Effectiveness of Alternative PM2.5 Control Strategies 

 Control Cost per Avoided Death (million $) 
Control Strategy Low* High* 
Ship fuel sulfur content $0.5 $2.0 
Cold-ironing $4.5 $19.5 
Vessel speed reductions -- -- 
Drayage truck retrofit and replacement $1.7 to $2.3 $7.2 to $9.8 
Harbor craft fuel sulfur content $0.03 to $0.05 $0.1 to $0.2 
Harbor craft engine replacement $0.4 $1.8 
Cargo handling equipment $0.6 $2.7 
AMECS -- -- 

* The low estimate is based on Laden et al (2006) and low sulphur emission inventory.  The high estimate is based 
on Pope et al (2002) and the modified emission inventory.  (The emission inventories are described in Chapter 2.) 
 
 

7.2  Estimated Impacts of Three Existing Container Terminals in 2025 
 
As we noted in the introduction, the proposed terminal is part of an expansion project at the Port of 
Charleston, which is projected to increase its container throughput from 1.65 million twenty-foot 
equivalent units (TEU) in 2004 to 4 million TEU by 2025.12  The proposed port expansion analyzed in the 
present report would contribute approximately 1.4 million TEU to the overall total port capacity in the 
Charleston area, and the three existing container terminals, with a capacity of roughly 2.6 million TEU, 
would comprise the rest.  It was beyond the scope of the present work to directly estimate the 
environmental and health impacts of the three existing ports, and instead we estimate the impacts of the 
three existing terminals indirectly, using the modeling that we did do for the 1.4 million TEU port 
expansion. 
 
The two key variables to take into account in this type of rough estimate are the locations and amounts of 
emissions of the three existing ports relative to the port expansion.   
 

• Location.  The three existing port facilities are located within a few kilometers of the proposed 
expansion, and all four port facilities are located near populated areas around downtown 
Charleston, so it is not unreasonable to assume that the locations are roughly equivalent in terms 
of impacts per unit of emissions.13 That is, a unit of emissions, say one ton, due to the port 
expansion will cause roughly the same health impact as a ton from the three existing terminals.  
To determine this more precisely, it would be desirable to develop emission inventories, perform 
air quality modeling, and then calculate the associated health impacts, all of which are beyond the 
scope of the current work.  Nevertheless, because of the close proximity of the four facilities to 
each other and to populated areas, assuming equal impacts per ton of emissions seems reasonable 
as a first approximation. 

 

                                                      
12 See page 4 in the Final Environmental Impact Statement (FEIS). 
13 Emissions of trucks leaving the port are another source of emissions. In a more detailed analysis, we would want 

to determine the number of trips and destinations of trucks leaving each of the port facilities.  For this quick 
analysis, we have assumed that truck emissions are similar per TEU arriving in each of the terminals. 



 

Abt Associates Inc.        March 2009 37

• Emissions.  The emissions in 2025 from the three existing terminals taken together may be twice 
the emissions from the proposed terminal for two reasons: (1) the three existing ports have greater 
capacity: 2.6 million TEU versus 1.4 million TEU – almost a factor of two difference,14 and (2) 
the equipment used in the three existing terminals would likely be of an older vintage and 
therefore not operate as cleanly as that in the proposed terminal, which is assumed to have the 
latest available equipment.  As we noted in Chapter 2, emissions from cargo handling equipment 
depend strongly on equipment age.  The proposed terminal is assumed to use all its equipment 
manufactured under the (most stringent) Tier 4 standard, whereas it is not immediately obvious 
that the existing terminals would be using Tier 4 standard equipment. To the extent that the 
existing terminals use older, more polluting equipment, their operation will release more 
pollutants per TEU handled.  

 
Based on our brief analysis of location and emissions, it appears that the health impacts of the three 
existing terminals in 2025 would exceed that of the proposed terminal by about a factor of two.  Of 
course, a number of variables may increase or decrease the impacts of the existing terminals relative to 
the proposed terminal, such as their location in relation to population areas, equipment vintage, types of 
cargo, cargo destination, and other factors.  It would be desirable to conduct a more detailed analysis to 
carefully account for these different factors. 

                                                      
14 We recognize that cargo differences between the different terminals might affect the level of emissions per TEU, 

moreover we recognize that the capacity of the terminals versus actual utilization may differ. A more detailed 
analysis would need to look into these and other issues in more detail. 
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Appendix A: Derivation of Health Impact Functions 
 
This appendix reviews the steps we performed in taking models from the epidemiological study and 
converting them into health impact functions, which we then use to quantify the change in adverse health 
effects due to a change in air pollution exposure.  The most common functional forms the log-linear and 
logistic, with a linear model used in some cases.  All three are discussed below.   

Note that the log-linear and logistic generally produce comparable results, so the fact that some health 
impacts are estimated with a logistic function and others with a log-linear function is not a cause for 
concern.  Indeed, in some circumstances, such as for small changes in air pollution, the logistic and log-
linear produce essentially the same result. 
 

A.1  The Linear Model  
 
A linear model between the adverse health effect, y, and the pollutant concentration, x, is of the form 

 
A linear model includes the factors that are believed to affect the incidence of the health effect, of which 
the pollutant would be one.  So, the variable “α” in the linear function consists of all the other 
independent variables in the regression, typically evaluated at their mean values, times their respective 
coefficients. 

The function describing the relationship between a change in x and the corresponding change in 
incidence (rate) of the health effect from the baseline level (y0) to the post-control level (yc) is then: 

 
If y denotes an incidence rate, then ∆y denotes the change in the incidence rate.  The expected number of 
cases avoided would then be calculated by multiplying this ∆y by the relevant population.  If y denotes an 
incidence count, then the β is first divided the baseline study population to generate an incidence rate.  
The expected number of cases avoided can then be calculated by multiplying ∆y by the relevant 
population of interest: 

 
 
 
 

The coefficient, β, and standard error of β (σ β) are reported directly in studies presenting results from 
linear regression models. 
 
 

y x= + ⋅α β

∆ ∆y y y x x xc c= − = ⋅ − = ⋅0 0β β( ) .

CasesAvoided x pop= ⋅ ⋅β ∆ .



 

Abt Associates Inc.        March 2009 39

A.2  The Log-linear Model  
 
The most commonly used functional form for criteria air pollutant concentration-response functions is the 
log-linear model.  It defines the relationship between x and y to be of the form: 

or, equivalently, 

 

where the parameter B is the incidence (rate), y, when the pollutant concentration, x, is zero; the 
parameter β is the coefficient of x; ln(y) is the natural logarithm of y; and α = ln(B).1   
 

Estimating Avoided Cases 
 
The relationship between  ∆x and ∆y is: 

This may be rewritten as: 

 

where y0 is the baseline incidence (rate) of the health effect -- i.e., the incidence (rate) before the change 
in x.  If y is incidence rate rather than incidence, then the change in incidence rate, ∆y, must be multiplied 
by the relevant population to get the expected number of cases avoided.  For example, if y denotes the 
annual number of cases of the adverse health effect per 100,000 population, and pop denotes the 
population, then the expected number of cases avoided is calculated as 

                                                      
1 Other covariates besides pollution clearly affect mortality.  The parameter B might be thought of as containing these 
other covariates, for example, evaluated at their means.  That is, B = Boexp{β1x1 + ... + βnxn}, where Bo is the incidence of 
y when all covariates in the model are zero, and x1, ... , xn are the other covariates evaluated at their mean values.  The 
parameter B drops out of the model, however, when changes in y are calculated, and is therefore not important. 

y B e x= ⋅ ⋅β

ln( ) ,y x= + ⋅α β

∆y y y Be Bec
x xc= − = −⋅ ⋅

0
0β β .

∆ ∆y y e x= ⋅ −⋅
0 1( ) ,β
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CasesAvoided y
pop

= ⋅∆ (
,

).
100 000  

Estimating the Coefficient (β) 
 
Epidemiological studies that estimate log-linear concentration-response functions often report a relative 
risk for a specific ∆x, rather than the coefficient, β, in the function itself.  The relative risk (RR) is simply 
the ratio of two risks corresponding to two levels of pollutant concentration –  the “high” risk 
(corresponding to the higher pollutant level, x = xhigh) and the lower risk (corresponding to the lower 
pollutant level, x = xlow): 

Using the original log-linear function above, it can be shown that the relative risk associated with a 
specific change in pollutant concentration of ∆x* = xhigh - xlow can be written as 
  

Taking the natural log of both sides, the coefficient in the function underlying the relative risk can be 
derived as: 

Once the pollutant coefficient, β, has been calculated, the change in incidence (rate), ∆y, corresponding to 
any change in pollutant concentration, ∆x, can be calculated, using the relationship between ∆x and ∆y 
given above, the baseline incidence (rate) and assessment population. 
 

Estimating the Standard Error of β (σ β) 
 
The standard error of β (σ β) is not often directly reported in studies presenting results from log-linear 
regression models.  Results are most commonly presented as a relative risk and 95% confidence interval.  
The 95% confidence interval is defined as follows: 
 
 
 
 
  

RR
y
y

high

low
= .
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y
y

e
x
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low

x
∆

∆
*

*

.= = ⋅β
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Based on this equation, the standard error of β (σ β) can be estimated from the relative risk (RR), upper 
limit of the 95% confidence interval (UL), and lower limit of the 95% confidence interval (LL), as 
follows: 

σ
β β

β , .

ln( ) ln( )

.high
high

UL
x

RR
x

=
−

=
−

⎛
⎝⎜

⎞
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196 196
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β β

β , .

ln( ) ln( )

.low
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x
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x

=
−

=
−

⎛
⎝⎜

⎞
⎠⎟

196 196
∆ ∆

 

 

σ
σ σ

β =
+high low

2
. 

 
Some studies report only a central effect estimate and t-statistic.  The t-statistic describes the strength of 
the observed pollutant-health effect association.  It is defined as the ratio of the coefficient, β, to the 
standard error of β (σ β).  The standard error of β (σ β) can, therefore, be estimated from the t-statistic as 
follows: 
 
 
 
 
 

The Log-Linear Model: An Example 
 
Lippmann et al. (2000) reported a relative risk (RR) of 1.045 for premature (non-accidental) mortality 
associated with an increase in daily PM2.5 of 36 µg/m3 in Detroit, MI.  The PM2.5 coefficient in the C-R 
function from which the RR was derived was back-calculated to be: 
 

    
β= =

ln( . )
. .

1 045
36

0 001223
 

 
Suppose we use the C-R function from Lippmann et al. (2000) to estimate the change in incidence of 
premature deaths in Wayne County, MI (which contains Detroit) in the year 2000 resulting from a 
decrease in PM2.5 concentration of 15 µg/m3 per day.  The baseline incidence of non-accidental mortality 
in Detroit is estimated to be 891.12 per year per 100,000 general population, or 2.441 per day per 100,000 
general population.  The population of Wayne County, MI in the year 2000 is estimated to be 2,061,162.  
The inputs to this calculation are: 

 

∆x = -15 

y0 = 2.441 per day per 100,000 general population 

β = 0.001223 

general population of Wayne County, MI =  2,061,162. 

 

σ
β

β =
t

.
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The number of avoided premature deaths per day is estimated to be: 

    ∆ ∆y y e popx= −0 1 100 000( ) * ( / , )*β
 

 

    = −−2 441 1 20 611620 001223 15. * ( ) * .. *e  
 

    = − 0 914503325.  
 
That is, a decrease in PM2.5 of 15 µg/m3 per day is predicted to result in 0.914503325 premature deaths 
avoided per day in Wayne County, MI.  Over the year (the year 2000 was a leap year, and so had 366 
days), that’s  

 

    0.914503325*366  

    = 334.7 premature deaths avoided. 

 

A.3  The Logistic Model  
 
In some epidemiological studies, a logistic model is used to estimate the probability of an occurrence of 
an adverse health effect.  Given a pollutant level, x, and a vector of other explanatory variables, Z, the 
logistic model assumes the probability of an occurrence is: 

( )y prob occurrence x Z
e e

e e

x Z

x Z= =
+

⎛
⎝
⎜

⎞
⎠
⎟| , ,β α

β α

β α1  
where β is the coefficient of the pollutant concentration, x, and α is a vector of coefficients of the 
variables in the vector Z.2 
 
 

Estimating Avoided Cases 
 
The change in the probability of an occurrence (∆y) corresponding to a change in the level of the 
pollutant from xc to x0 (= ∆x), all other covariates held constant, may be derived from the original C-R 
function above: 

( )∆
∆

y y y
y

y e y
yc x

= − =
− ⋅ +

−
− ⋅0
0

0 0
01 β

.
 

Once again, to calculate the expected number of avoided cases of the adverse effect, it is necessary to 
multiply by the population:3 

                                                      
2 Greene (1997, Chapter 19) presents models with discrete dependent variables; in particular, page 874 presents the logit 
model.  See also Judge et al.(1985, p. 763). 

3 Note that because ∆y here is a change in probability of occurrence (rather than a change in the rate per 100,000 
population), it is necessary to multiply by the population rather than by the population/100,000. 
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CasesAvoided y pop= ⋅∆ .  

    
 

Estimating the Coefficient (β) 
 
The estimated pollutant coefficient, β, in the original function is typically not reported in studies that use 
the logistic model.  Instead, the odds ratio corresponding to a specific change in x is reported. 

 

The odds of an occurrence is defined as: 

odds
y

y
=

−1
.

 
 
 
 
It can be shown that 
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y

y
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−
=

1
β α

 
 
 
 
The odds ratio is just the ratio of the odds when the pollutant is at a specified higher level, xhigh, to the 
odds when the pollutant is at a specified lower level, xlow: 
 

oddsratio
odds
odds

e
e

ehigh

low

x

x
x x

high

low

high low= = =⋅
−

β

β
β( ) .

 
 
Often the odds ratio corresponding to a specified change in x, call it ∆x*, is the only measure of the effect 
of x reported from a study using a logistic model (just as the relative risk corresponding to a specified 
change in x is often the only measure of the effect of x reported from a study using a log-linear model).  
However, it is easy to calculate the underlying pollutant coefficient, β, from the odds ratio as follows: 
 

oddsratio e x= β∆ *

 
 

ln( ) *odds ratio x= β∆ ⇒ =β
ln( )

.*

oddsratio
x∆  

 
Given the pollutant coefficient, β, and the baseline probability of occurrence, y0, the change in the 
probability, ∆y, associated with any change in pollutant concentration, ∆x, can be derived using the 
equation for ∆y above.  The expected number of avoided cases of the adverse effect is then obtained by 
multiplying by the population. 
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Estimating the Standard Error of β (σ β) 
 
The standard error of β (σ β) is not often directly reported in studies presenting results from logistic 
regression models.  Results are most commonly presented as an odds ratio and 95% confidence interval.  
The 95% confidence interval is defined as follows: 

 

95% 1 96CI e x= ±( . )β σβ∆
 

 
 
Based on this equation, the standard error of β (σ β) can be estimated from the odds ratio (OR), upper limit 
of the 95% confidence interval (UL), and lower limit of the 95% confidence interval (LL), as follows: 
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Some studies report only a central effect estimate and t-statistic.  The t-statistic describes the strength of 
the observed pollutant-health effect association.  It is defined as the ratio of the coefficient, β, to the 
standard error of β (σ β).  The standard error of β (σ β) can, therefore, be estimated from the t-statistic as 
follows: 

σ
β

β =
t

.
 

 
 

The Logistic Model: An Example 
 
Schwartz and Neas (2000) reported an odds ratio of 1.33 for lower respiratory symptoms (LRS) among 
school children, ages 7 - 14, corresponding to an increase in daily PM2.5 concentration of 15 µg/m3.  The 
PM2.5 coefficient in the logistic C-R function from which the odds ratio was derived is back-calculated as 

    
β = =

ln( . )
. .

1 33
15

0 019012
  

The baseline incidence rate, y0, (the probability per child per day of lower respiratory symptoms) was 
estimated in the study to be 0.0012.   



 

Abt Associates Inc.        March 2009 45

 

Suppose we use the logistic C-R function from Schwartz and Neas (2000) to estimate the number of days 
with LRS avoided among schoolchildren, ages 7-14, in St. Louis during the warm months of April 
through August (the months used in the study) if PM2.5 concentrations were reduced by 10 µg/m3 each 
day.  The inputs to this calculation are: 

∆x = xc - x0 = -10 

y0 = 0.0012 

β = 0.019012 

the number of days in April through August = 153 

the number of children, ages 7 - 14, in St. Louis area (9 counties) = 307,170. 

The number of avoided LRS days among children ages 7-14 in the St. Louis area resulting from a 
decrease of 10 µg/m3 PM2.5 per day is estimated to be 
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= -0.0002076*307,170 = –63.7568 per day. 

 

There are 153 days in April through August, for a total of -63.7568*153 =  

    -9754.79, or  

    9,754.79 LRS days avoided.  
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Appendix B: Health Impact Functions 
 
In this Appendix, we present the health impact functions used to estimate PM-related adverse health 
effects.  Each sub-section has an Exhibit with a brief description of the Health impact function and the 
underlying parameters.  Following each Exhibit, we present a brief summary of each of the studies and 
any items that are unique to the study. 

Note that Appendix A mathematically derives the standard types of health impact functions that we 
encountered in the epidemiological literature, such as, log-linear, logistic and linear, so we simply note 
here the type of functional form.  Finally, Appendix C presents a description of the sources for the 
incidence and prevalence data used in these health impact functions. 
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Table 20.  Health Impact Functions for Particulate Matter and All-Cause Mortality 
 
Author Year Location Age Metric Beta Std Err Form 
Pope et al. 2002 51 cities 30-99 Annual 0.005827 0.002157 Log-linear 
Laden et al 2006 6 cities 25-00 Annual 0.014842 0.004170 Log-linear 
Woodruff et al. 1997 86 cities 0-0 Annual 0.003922 0.001221 Logistic 
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B.1  Mortality 
 
Both long- and short-term exposures to ambient levels of air pollution have been associated with 
increased risk of premature mortality. The size of the mortality risk estimates from epidemiological 
studies, the serious nature of the effect itself, and the high monetary value ascribed to prolonging life 
make mortality risk reduction the most significant health endpoint quantified in this analysis.  We include 
mortality in adults, as well as infants. 

 

Mortality, All Cause {Pope, 2002 #2240}  
 

The Pope et al. {, 2002 #2240} analysis is a longitudinal cohort tracking study that uses the same 
American Cancer Society cohort as the original Pope et al. {, 1995 #81} study, and the Krewski et al. {, 
2000 #1805} reanalysis.  Pope et al.{, 2002 #2240} analyzed survival data for the cohort from 1982 
through 1998, 9 years longer than the original Pope study.  Pope et al. {, 2002 #2240} also obtained PM2.5 
data in 116 metropolitan areas collected in 1999, and the first three quarters of 2000.  This is more 
metropolitan areas with PM2.5 data than was available in the Krewski reanalysis (61 areas), or the original 
Pope study (50 areas), providing a larger size cohort. 

They used a Cox proportional hazard model to estimate the impact of long-term PM exposure using three 
alternative measures of PM2.5 exposure; metropolitan area-wide annual mean PM levels from the 
beginning of tracking period (’79-’83 PM data, conducted for 61 metropolitan areas with 359,000 
individuals), annual mean PM from the end of the tracking period (’99-’00, for 116 areas with 500,000 
individuals), and the average annual mean PM levels of the two periods (for 51 metropolitan areas, with 
319,000 individuals).  PM levels were lower in ’99-00 than in ’79 - ’83 in most cities, with the largest 
improvements occurring in cities with the highest original levels. 

Pope et al. {, 2002 #2240} followed Krewski et al. {, 2000 #1805} and Pope et al. {, 1995 #81, Table 2} 
and reported results for all-cause deaths, lung cancer (ICD-9 code: 162), cardiopulmonary deaths (ICD-9 
codes: 401-440 and 460-519), and “all other” deaths.1 Like the earlier studies, Pope et al. {, 2002 #2240} 
found that mean PM2.5 is significantly related to all-cause and cardiopulmonary mortality.  In addition, 
Pope et al. {, 2002 #2240} found a significant relationship with lung cancer mortality, which was not 
found in the earlier studies.  None of the three studies found a significant relationship with “all other” 
deaths. 

Pope et al. {, 2002 #2240} obtained ambient data on gaseous pollutants routinely monitored by EPA 
during the 1982-1998 observation period, including SO2, NO2, CO, and ozone.  They did not find 
significant relationships between NO2, CO, and ozone and premature mortality, but there were significant 
relationships between SO4 (as well as SO2), and all-cause, cardiopulmonary, lung cancer and “all other” 
mortality. 

The coefficient and standard error for PM2.5 using the average of ’79-’83 and ’99-’00 PM data are 
estimated from the relative risk (1.06) and 95% confidence interval (1.02-1.11) associated with a change 
in annual mean exposure of 10.0 µg/m3 {Pope, 2002 #2240, Table 2}. 

                                                      
1  All-cause mortality includes accidents, suicides, homicides and legal interventions.  The category “all other” deaths is 
all-cause mortality less lung cancer and cardiopulmonary deaths. 
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Functional Form: Log-linear 
Coefficient: 0.005827 
Standard Error: 0.002157 
Incidence Rate: county-specific annual all-cause mortality rate per person ages 30 and older 
Population: population of ages 30 and older. 
 

Mortality, All Cause – Laden, et al. {, 2006 #2803} 
Laden et al {, 2006 #2803} performed an extended mortality follow-up for eight years in a period of 
reduced air pollution concentrations using data from the Harvard Six Cities adult cohort study.  They used 
annual city-specific PM2.5 concentrations measured from1979-1988, and estimated the air quality data for 
the subsequent eight years using publicly available data.  The authors used a Cox proportional hazards 
regression controlling for individual risk factors to examine the relationship between long-term exposure 
to PM2.5 and mortality.  Laden et al found a significant increase in the overall mean mortality associated 
with a 10-µg/m3 increase in PM2.5. 
 
The coefficient and standard error are estimated from the relative risk (1.16) and 95% confidence interval 
(1.07-1.26) associated with a 10-µg/m3 increase in PM2.5 {Laden, 2006 #2803, p. 667}. 
 
Functional Form: Log-linear 
Coefficient: 0.01484 
Standard Error: 0.00417 
Incidence Rate: county-specific annual all cause mortality rate per person ages 25 and older 
Population: population of ages 25 and older. 
 

Infant Mortality {Woodruff, 1997 #210} 
In a study of four million infants in 86 U.S. metropolitan areas conducted from 1989 to 1991, Woodruff et 
al. {, 1997 #210} found a significant link between PM10 exposure in the first two months of an infant’s 
life with the probability of dying between the ages of 28 days and 364 days.  PM10 exposure was 
significant for all-cause mortality.  PM10 was also significant for respiratory mortality in average birth-
weight infants, but not low birth-weight infants. 
 
The coefficient and standard error are based on the odds ratio (1.04) and 95% confidence interval (1.02-
1.07) associated with a 10 µg/m3 change in PM10 {Woodruff, 1997 #210, Table 3}. 
 
Functional Form: Logistic 
Coefficient: 0.003922 
Standard Error: 0.001221 
Incidence Rate: county-specific annual post-neonatal15 infant deaths per infant under the age of one  
Population: population of infants under one year old. 

                                                      
15 Post-neonatal refers to infants that are 28 days to 364 days old. 
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Table 21.  Health Impact Functions for Particulate Matter and Chronic Illness 
 
Endpoint Name Author Year Location Age Metric Beta Std Error Functional Form 
Chronic Bronchitis Abbey et al. 1995 California 27-99 Annual 0.013185 0.006796 Logistic 
Acute Myocardial 
Infarction, Nonfatal Peters et al. 2001 Boston, MA 18-99 D24HourMean 0.024121 0.009285 Logistic 
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B.2  Chronic Illness 
 
We include two types of chronic illness: chronic bronchitis and non-fatal heart attacks.  Non-fatal heart 
attacks are considered “chronic” because the impact is long-lasting and this is reflected in its valuation 
(discussed in Appendix E). 
 

Chronic Bronchitis  {Abbey, 1995 #248} 
 
Abbey et al.{, 1995 #248} examined the relationship between estimated PM2.5 (annual mean from 1966 to 
1977), PM10 (annual mean from 1973 to 1977) and TSP  (annual mean from 1973 to 1977) and the same 
chronic respiratory symptoms in a sample population of 1,868 Californian Seventh Day Adventists.  The 
initial survey was conducted in 1977 and the final survey in 1987.  To ensure a better estimate of 
exposure, the study participants had to have been living in the same area for an extended period of time.  
In single-pollutant models, there was a statistically significant PM2.5 relationship with development of 
chronic bronchitis, but not for AOD or asthma; PM10 was significantly associated with chronic bronchitis 
and AOD; and TSP was significantly associated with all cases of all three chronic symptoms.  Other 
pollutants were not examined. 

The estimated coefficient (0.0137) is presented for a one µg/m3 change in PM2.5 {Abbey, 1995 #248, 
Table 2}.  The standard error is calculated from the reported relative risk (1.81) and 95% confidence 
interval (0.98-3.25) for a 45 µg/m3 change in PM2.5 {Abbey, 1995 #248, Table 2}. 
 
Functional Form: Logistic 
Coefficient: 0.0137 
Standard Error: 0.00680 
Incidence Rate: annual bronchitis incidence rate per person {Abbey, 1993 #2395, Table 3} = 0.00378 
Population: population of ages 27 and older1 without chronic bronchitis = 95.57%2 of population 27+. 
 

Acute Myocardial Infarction (Heart Attacks), Nonfatal {Peters, 2001 #2157} 
 
Peters et al. {, 2001 #2157} studied the relationship between increased particulate air pollution and onset 
of heart attacks in the Boston area from 1995 to 1996.  The authors used air quality data for PM10, PM10-

2.5, PM2.5,“black carbon”, O3, CO, NO2, and SO2 in a case-crossover analysis.  For each subject, the case 
period was matched to three control periods, each 24 hours apart.  In univariate analyses, the authors 
observed a positive association between heart attack occurrence and PM2.5 levels hours before and days 
before onset.  The authors estimated multivariate conditional logistic models including two-hour and 
twenty-four hour pollutant concentrations for each pollutant.  They found significant and independent 
associations between heart attack occurrence and both two-hour and twenty-four hour PM2.5 

                                                      
1 Using the same data set, Abbey et al. {, 1995 #2396, p.140}reported the respondents in 1977 ranged in age from 27 to 
95.   

2 The American Lung Association  {, 2002 #2357, Table 4}  reports a chronic bronchitis prevalence rate for ages 18 and 
over of 4.43%{American Lung Association, 2002 #2357}.  
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concentrations before onset.  Significant associations were observed for PM10 as well.  None of the other 
particle measures or gaseous pollutants were significantly associated with acute myocardial infarction for 
the two hour or twenty-four hour period before onset. 
 
The patient population for this study was selected from health centers across the United States.  The mean 
age of participants was 62 years old, with 21% of the study population under the age of 50.  In order to 
capture the full magnitude of heart attack occurrence potentially associated with air pollution and because 
age was not listed as an inclusion criteria for sample selection, we apply an age range of 18 and over in 
the C-R function.  According to the National Hospital Discharge Survey, there were no hospitalizations 
for heart attacks among children <15 years of age in 1999 and only 5.5% of all hospitalizations occurred 
in 15-44 year olds {Popovic, 2001 #2374, Table 10}. 
 
The coefficient and standard error are calculated from an odds ratio of 1.62 (95% CI 1.13-2.34) for a 20 
µg/m3 increase in twenty-four hour average PM2.5 {Peters, 2001 #2157, Table 4, p. 2813}. 
 
Functional Form: Logistic 
Coefficient: 0.024121 
Standard Error: 0.009285 
Incidence Rate: region-specific daily nonfatal heart attack rate per person 18+ = 93% of region-specific 
daily heart attack hospitalization rate (ICD code 410) 3 
Population: population of ages 18 and older. 
 

                                                      
3This estimate assumes that all heart attacks that are not instantly fatal will result in a hospitalization.  In addition, 
Rosamond et al. {, 1999 #2373}report that approximately six percent of male and eight percent of female hospitalized 
heart attack patients die within 28 days (either in or outside of the hospital).  We applied a factor of 0.93 to the number of 
hospitalizations to estimate the number of nonfatal heart attacks per year. 
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Table 22.  Health Impact Functions for Particulate Matter and Hospital Admissions 

Endpoint Name Author Year Location Age Beta Std Error Functional 
Form 

Congestive Heart Failure Ito 2003 Detroit, MI 65-99 0.003074 0.001292 Log-linear 
Dysrhythmia Ito 2003 Detroit, MI 65-99 0.001249 0.002033 Log-linear 
Ischemic Heart Disease (less AMI) Ito 2003 Detroit, MI 65-99 0.001435 0.001156 Log-linear 
Chronic Lung Disease Ito 2003 Detroit, MI 65-99 0.001169 0.002064 Log-linear 
Pneumonia Ito 2003 Detroit, MI 65-99 0.003979 0.001659 Log-linear 
All Cardiovascular (less AMI) Moolgavkar 2000 Los Angeles, CA 18-64 0.001400 0.000341 Log-linear 
Chronic Lung Disease (less Asthma) Moolgavkar 2000 Los Angeles, CA 18-64 0.002200 0.000733 Log-linear 
All Cardiovascular (less AMI) Moolgavkar 2003 Los Angeles, CA 65-99 0.001580 0.000344 Log-linear 
Chronic Lung Disease Moolgavkar 2003 Los Angeles, CA 65-99 0.001850 0.000524 Log-linear 
Asthma Sheppard 2003 Seattle, WA 0-64 0.003324 0.001045 Log-linear 
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B.3  Hospitalizations 
 
We include two main types of hospital admissions – respiratory (pneumonia, COPD, and ashtma) and 
cardiovascular (all types, including ischemic heart disease, dysrhythmia, and heart failure). 
 

Hospital Admissions for Asthma {Sheppard, 1999 #792; , 2003 #2474} 
 
Sheppard et al. {, 1999 #792} studied the relation between air pollution in Seattle and nonelderly (<65) 
hospital admissions for asthma from 1987 to 1994.  They used air quality data for PM10, PM2.5, coarse 
PM1010-2.5, SO2, ozone, and CO in a Poisson regression model with control for time trends, seasonal 
variations, and temperature-related weather effects.16  They found asthma hospital admissions associated 
with PM10, PM2.5, PM10-2.5, CO, and ozone.  They did not observe an association for SO2.  They found PM 
and CO to be jointly associated with asthma admissions.  The best fitting co-pollutant models were found 
using ozone.  However, ozone data was only available April through October, so they did not consider 
ozone further.  For the remaining pollutants, the best fitting models included PM2.5 and CO.  Results for 
other co-pollutant models were not reported. 
 
In response to concerns that the work by Sheppard et al. {, 1999 #792} may be biased because of 
concerns about the (S-plus) software used in the original analysis, Sheppard {, 2003 #2474} reanalyzed 
some of this work, in particular Sheppard reanalyzed the original study’s PM2.5 single pollutant model.  
 
The coefficient and standard error are based on the relative risk (1.04) and 95% confidence interval (1.01-
1.06) for a 11.8 µg/m3 increase in PM2.5 in the 1-day lag GAM stringent model {Sheppard, 2003 #2474, 
pp. 228-299}. 
 
Functional Form: Log-linear 
Coefficient: 0.003324 
Standard Error: 0.001045 
Incidence Rate: region-specific daily hospital admission rate for asthma admissions per person <65 (ICD 
code 493) 
Population: population of ages 65 and under. 
 

Hospital Admissions for Chronic Lung Disease {Ito, 2003 #2469} 
 
Lippmann et al. {, 2000 #2779} studied the association between particulate matter and daily mortality and 
hospitalizations among the elderly in Detroit, MI.  Data were analyzed for two separate study periods, 
1985-1990 and 1992-1994.  The 1992-1994 study period had a greater variety of data on PM size and was 
the main focus of the report.  The authors collected hospitalization data for a variety of cardiovascular and 
respiratory endpoints.  They used daily air quality data for PM10, PM2.5, and PM10-2.5 in a Poisson 
regression model with generalized additive models (GAM) to adjust for nonlinear relationships and 
temporal trends.  In single pollutant models, all PM metrics were statistically significant for pneumonia 
(ICD codes 480-486), PM10-2.5 and PM10 were significant for ischemic heart disease (ICD code 410-414), 

                                                      
16 PM2.5 levels were estimated from light scattering data. 
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and PM2.5 and PM10 were significant for heart failure (ICD code 428).  There were positive, but not 
statistically significant associations, between the PM metrics and COPD (ICD codes 490-496) and 
dysrhythmia (ICD code 427).  In separate co-pollutant models with PM and either ozone, SO2, NO2, or 
CO, the results were generally comparable.  The PM2.5 C-R functions are based on results of the single 
pollutant model and co-pollutant model with ozone. 
 
In response to concerns about the (S-plus) software used in the original analysis, Ito {, 2003 #2469}  
reanalyzed the study by Lippmann et al. (2000).  The reanalysis by Ito reported that more generalized 
additive models with stringent convergence criteria and generalized linear models resulted in smaller 
relative risk estimates. 
 
The coefficient and standard error are based on the relative risk (1.043) and 95% confidence interval 
(0.902-1.207) for a 36 µg/m3 increase in PM2.5 in the 3-day lag GAM stringent model{Ito, 2003 #2469, 
Table 8}. 
 
Functional Form: Log-linear 
Coefficient: 0.001169 
Standard Error: 0.002064 
Incidence Rate: region-specific daily hospital admission rate for chronic lung disease admissions per 
person 65+ (ICD codes 490-496) 
Population: population of ages 65 and older. 
 

Hospital Admissions for Chronic Lung Disease {Moolgavkar, 2003 #2471; , 2000 
#2152} 
 
Moolgavkar {, 2000 #2152} examined the association between air pollution and COPD hospital 
admissions (ICD 490-496) in the Chicago, Los Angeles, and Phoenix metropolitan areas.  He collected 
daily air pollution data for ozone, SO2, NO2, CO, and PM10 in all three areas.  PM2.5 data was available 
only in Los Angeles.  The data were analyzed using a Poisson regression model with generalized additive 
models to adjust for temporal trends.  Separate models were run for 0 to 5 day lags in each location.  
Among the 65+ age group in Chicago and Phoenix, weak associations were observed between the 
gaseous pollutants and admissions.  No consistent associations were observed for PM10.  In Los Angeles, 
marginally significant associations were observed for PM2.5, which were generally lower than for the 
gases.  In co-pollutant models with CO, the PM2.5 effect was reduced.  Similar results were observed in 
the 0-19 and 20-64 year old age groups. 
 
In response to concerns about the (S-plus) software used in the original analysis, Moolgavkar {, 2003 
#2471} reanalyzed his earlier study.  In the reanalysis, he reported that more generalized additive models 
with stringent convergence criteria and generalized linear models resulted in smaller relative risk 
estimates. 
 
The PM2.5 C-R functions for the 65+ age group are based on the reanalysis in Moolgavkar {, 2003 #2471} 
of the single-pollutant model.  The PM2.5 C-R functions for the 20-64 age group are based on the original 
study’s single-pollutant model.  Since the true PM effect is most likely best represented by a distributed 
lag model, then any single lag model should underestimate the total PM effect.  As a result, we selected 
the lag models with the greatest effect estimates for use in the C-R functions. 
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Ages 18 to 64 {Moolgavkar, 2000 #2152}17 
 
The single pollutant coefficient and standard error are calculated from an estimated percent change of 
2.2and t-statistic of 3.0 for a 10 µg/m3 increase in PM2.5 in the two-day lag model {Moolgavkar, 2000 
#2152, Table 4}.18 
 
Functional Form: Log-linear 
Coefficient: 0.0022 
Standard Error: 0.000733 
Incidence Rate: region-specific daily hospital admission rate for chronic lung disease admissions per 
person 18-64 (ICD codes 490-492, 494-496)19 
Population: population of ages 18 to 64. 
 

Ages 65 and older {Moolgavkar, 2003 #2471} 
 
The coefficient and standard error are calculated from an estimated percentage change of 1.85 and t-
statistic of 3.53 for a 10 µg/m3 increase in PM2.5 in the 2-day lag GAM-30df stringent (10-8) model 
{Moolgavkar, 2003 #2471, Table 17}.20 
 
Functional Form: Log-linear 
Coefficient: 0.001833 
Standard Error: 0.000519 
Incidence Rate: region-specific daily hospital admission rate for chronic lung disease admissions per 
person 65+ (ICD codes 490-496) 
Population: population of ages 65 and older. 
 
 

                                                      
17 Although Moolgavkar {, 2000 #2152} reports results for the 20-64 year old age range, for comparability to other 

studies, we apply the results to the population of ages 18 to 64. 
18 In a log-linear model, the percent change is equal to (RR - 1) * 100.  In this study, Moolgavkar defines and reports the 

“estimated” percent change as (log RR * 100).  Because the relative risk is close to 1, RR-1 and log RR are essentially 
the same.  For example, a true percent change of 2.2 would result in a relative risk of 1.022 and coefficient of 
0.002176.  The “estimated” percent change, as reported by Moolgavkar, of 2.2 results in a relative risk of 1.022244 
and coefficient of 0.0022. 

19 Moolgavkar {, 2000 #2152}  reports results for ICD codes 490-496.  In order to avoid double counting non-elderly 
asthma hospitalizations (ICD code 493) in a total benefits estimation, we have excluded ICD code 493 from the 
baseline incidence rate used in this function. 

20 In a log-linear model, the percent change is equal to (RR - 1) * 100.  In this study, Moolgavkar defines and reports 
the “estimated” percent change as (log RR * 100).  Because the relative risk is close to 1, RR-1 and log RR are 
essentially the same.  For example, a true percent change of 2.0 would result in a relative risk of 1.020 and 
coefficient of 0.001980.  An “estimated” percent change of 2.0 results in a relative risk of 1.020201 and 
coefficient of 0.002. 
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Hospital Admissions for Pneumonia {Ito, 2003 #2469} 
 
Lippmann et al. {, 2000 #2779}studied the association between particulate matter and daily mortality and 
hospitalizations among the elderly in Detroit, MI.  Data were analyzed for two separate study periods, 
1985-1990 and 1992-1994.  The 1992-1994 study period had a greater variety of data on PM size and was 
the main focus of the report.  The authors collected hospitalization data for a variety of cardiovascular and 
respiratory endpoints.  They used daily air quality data for PM10, PM2.5, and PM10-2.5 in a Poisson 
regression model with generalized additive models (GAM) to adjust for nonlinear relationships and 
temporal trends.  In single pollutant models, all PM metrics were statistically significant for pneumonia 
(ICD codes 480-486), PM10-2.5 and PM10 were significant for ischemic heart disease (ICD code 410-414), 
and PM2.5 and PM10 were significant for heart failure (ICD code 428).  There were positive, but not 
statistically significant associations, between the PM metrics and COPD (ICD codes 490-496) and 
dysrhythmia (ICD code 427).  In separate co-pollutant models with PM and either ozone, SO2, NO2, or 
CO, the results were generally comparable.  
 
In response to concerns about the (S-plus) software used in the original analysis, Ito {, 2003 #2469} 
reanalyzed the study by Lippmann et al.{, 2000 #2779}.  The reanalysis by Ito reported that more 
generalized additive models with stringent convergence criteria and generalized linear models resulted in 
smaller relative risk estimates.  The PM2.5 C-R function is based on the results of the single pollutant 
model. 
 
The estimated PM2.5 coefficient and standard error are based on a relative risk of 1.154 (95% CI -1.027, 
1.298) due to a PM2.5 change of 36 µg/m3 in the 1-day lag GAM stringent model {Ito, 2003 #2469, Table 
7}. 
 
Functional Form: Log-linear 
Coefficient: 0.003979 
Standard Error: 0.001659 
Incidence Rate: region-specific daily hospital admission rate for pneumonia admissions per person 65+ 
(ICD codes 480-487) 
Population: population of ages 65 and older. 
 
 

Hospital Admissions for All Cardiovascular {Moolgavkar, 2000 #2029; , 2003 
#2471} 
 
Moolgavkar {, 2000 #2029} examined the association between air pollution and cardiovascular hospital 
admissions (ICD 390-448) in the Chicago, Los Angeles, and Phoenix metropolitan areas.  He collected 
daily air pollution data for ozone, SO2, NO2, CO, and PM10 in all three areas.  PM2.5 data was available 
only in Los Angeles.  The data were analyzed using a Poisson regression model with generalized additive 
models to adjust for temporal trends.  Separate models were run for 0 to 5 day lags in each location.  
Among the 65+ age group, the gaseous pollutants generally exhibited stronger effects than PM10 or PM2.5.  
The strongest overall effects were observed for SO2 and CO.  In a single pollutant model, PM2.5 was 
statistically significant for lag 0 and lag 1.  In co-pollutant models with CO, the PM2.5 effect dropped out 
and CO remained significant.  For ages 20-64, SO2 and CO exhibited the strongest effect and any PM2.5 
effect dropped out in co-pollutant models with CO.  
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In response to concerns about the (S-plus) software used in the original analysis, Moolgavkar {, 2003 
#2471} reanalyzed his earlier study.  In the reanalysis, he reported that more generalized additive models 
with stringent convergence criteria and generalized linear models resulted in smaller relative risk 
estimates.  Not all of the original results were replicated, so we present here a mix of C-R functions from 
the reanalysis and from the original study (when the reanalyzed results were not available).  The PM2.5 C-
R functions are based on single pollutant and co-pollutant (PM2.5 and CO) models.   
 
We use the single-pollutant results for ages 65 and older from Moolgavkar{, 2003 #2471}.  Since he did 
not reanalyze the results for ages 20-64, we use the single-pollutant results from his earlier study.  
 
Note that Moolgavkar {, 2000 #2029} reported results that include ICD code 410 (heart attack).  In the 
benefits analysis, avoided nonfatal heart attacks are estimated using the results reported by Peters et al {, 
2001 #2157}.  The baseline rate in the Peters et al. function is a modified heart attack hospitalization rate 
(ICD code 410), since most, if not all, nonfatal heart attacks will require hospitalization.  In order to avoid 
double counting heart attack hospitalizations, we have excluded ICD code 410 from the baseline 
incidence rate used in this function.  
 

Ages 18 to 6421 {Moolgavkar, 2000 #2152} 
 
The single pollutant coefficient and standard error are calculated from an estimated percent change of 1.4 

and t-statistic of 4.1 for a 10 µg/m3 increase in PM2.5 in the zero lag model {Moolgavkar, 2000 #2029, 
Table 4}.22 
 
Functional Form: Log-linear 
Coefficient: 0.0014 
Standard Error: 0.000341 
Incidence Rate: region-specific daily hospital admission rate for all cardiovascular admissions per person 
ages 18 to 64 (ICD codes 390-409, 411-429) 
Population: population of ages 18 to 64. 
 

                                                      
21 Although Moolgavkar {, 2000 #2152} reports results for the 20-64 year old age range, for comparability to other 

studies, we apply the results to the population of ages 18 to 64. 
22 In a log-linear model, the percent change is equal to (RR - 1) * 100.  In a similar hospitalization study by Moolgavkar{, 

2000 #2029}, he defines and reports the “estimated” percent change as (log RR * 100).  Because the relative risk is 
close to 1, RR-1 and log RR are essentially the same.  For example, a true percent change of 1.4 would result in a 
relative risk of 1.014 and coefficient of 0.00139.  Assuming that the 1.4 is the “estimated” percent change described 
previously would result in a relative risk of 1.014098 and coefficient of 0.0014.  We assume that the “estimated” 
percent changes reported in this study reflect the definition from {Moolgavkar, 2000 #2029}. 
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Ages 65 and older {Moolgavkar, 2003 #2471} 
 
The single pollutant coefficient and standard error are calculated from an estimated percent change of 
1.58 and t-statistic of 4.59 for a 10 µg/m3 increase in PM2.5 in the 0-day lag GAM-30df stringent (10-8) 
model {Moolgavkar, 2003 #2471, Table 12}.23 
 
Functional Form: Log-linear 
Coefficient: 0.001568 
Standard Error: 0.000342 
Incidence Rate: region-specific daily hospital admission rate for all cardiovascular admissions per person 
65+ (ICD codes 390-409, 411-429) 
Population: population of ages 65 and older. 
 
 

Hospital Admissions for Dysrhythmia, Ischemic Heart Disease, and Congestive 
Heart Failure {Ito, 2003 #2469} 
 
Lippmann et al. {, 2000 #2779} studied the association between particulate matter and daily mortality and 
hospitalizations among the elderly in Detroit, MI.  Data were analyzed for two separate study periods, 
1985-1990 and 1992-1994.  The 1992-1994 study period had a greater variety of data on PM size and was 
the main focus of the report.  The authors collected hospitalization data for a variety of cardiovascular and 
respiratory endpoints.  They used daily air quality data for PM10, PM2.5, and PM10-2.5 in a Poisson 
regression model with generalized additive models (GAM) to adjust for nonlinear relationships and 
temporal trends.  In single pollutant models, all PM metrics were statistically significant for pneumonia 
(ICD codes 480-486), PM10-2.5 and PM10 were significant for ischemic heart disease (ICD code 410-414), 
and PM2.5 and PM10 were significant for heart failure (ICD code 428).  There were positive, but not 
statistically significant associations, between the PM metrics and COPD (ICD codes 490-496) and 
dysrhythmia (ICD code 427).  In separate co-pollutant models with PM and either ozone, SO2, NO2, or 
CO, the results were generally comparable. 
 
In response to concerns about the (S-plus) software used in the original analysis, Ito {, 2003 #2469} 
reanalyzed the study by Lippmann et al.{, 2000 #2779}.  The reanalysis by Ito reported that more 
generalized additive models with stringent convergence criteria and generalized linear models resulted in 
smaller relative risk estimates.  We use the single-pollutant model results from this reanalysis. 
 

                                                      
23 In a log-linear model, the percent change is equal to (RR - 1) * 100.  In this study, Moolgavkar defines and reports the 

“estimated” percent change as (log RR * 100).  Because the relative risk is close to 1, RR-1 and log RR are essentially 
the same.  For example, a true percent change of 2.2 would result in a relative risk of 1.022 and coefficient of 
0.002176.  An “estimated” percent change of 2.2 results in a relative risk of 1.022244 and coefficient of 0.0022. 
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Dysrhythmia 
The co-pollutant coefficient and standard error are calculated from a relative risk of 1.046 (95% CI 0.906-
1.207) for a 36 µg/m3 increase in PM2.5 in the 1-day lag GAM stringent model {Ito, 2003 #2469, Table 
10}. 
 
Functional Form: Log-linear 
Coefficient: 0.001249 
Standard Error: 0.002033 
Incidence Rate: region-specific daily hospital admission rate for dysrhythmia admissions per person 65+ 
(ICD code 427) 
Population: population of ages 65 and older. 
 

Congestive Heart Failure 
The co-pollutant coefficient and standard error are calculated from a relative risk of 1.117 (95% CI 1.020-
1.224) for a 36 µg/m3 increase in PM2.5 in the 1-day lag GAM stringent model {Ito, 2003 #2469, Table 
11}. 
 
Functional Form: Log-linear 
Coefficient: 0.003074 
Standard Error: 0.001292 
Incidence Rate: region-specific daily hospital admission rate for congestive heart failure admissions per 
person 65+ (ICD code 428) 
Population: population of ages 65 and older. 
 

Ischemic Heart Disease 
The co-pollutant coefficient and standard error are calculated from a relative risk of 1.053 (95% CI 0.971-
1.143) for a 36 µg/m3 increase in PM2.5 in the 1-day lag GAM stringent model {Ito, 2003 #2469, Table 
9}. 
 
Functional Form: Log-linear 
Coefficient: 0.001435 
Standard Error: 0.001156 
Incidence Rate: region-specific daily hospital admission rate for ischemic heart disease admissions per 
person 65+ (ICD codes 411-414)9 
Population: population of ages 65 and old. 
 
 
 

                                                      
9 Lippmann et al. {, 2000 #2779}reports results for ICD codes 410-414.  In the benefits analysis, avoided nonfatal heart 
attacks are estimated using the results reported by Peters et al.{, 2001 #2157}.  The baseline rate in the Peters et al. 
function is a modified heart attack hospitalization rate (ICD code 410), since most, if not all, nonfatal heart attacks will 
require hospitalization.  In order to avoid double counting heart attack hospitalizations, we have excluded ICD code 410 
from the baseline incidence rate used in this function.  
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Table 23.  Health Impact Functions for Particulate Matter and Emergency Room Visits 

Endpoint Name Author Year Location Age Other Pollutants 
in Model 

Metric Beta Std Error Functional 
Form 

Emergency Room 
Visits, Asthma 

Norris et al. 1999 Seattle, WA 0-17 NO2, SO2 D24HourMean 0.016527 0.004139 Log-linear 
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B.4  Emergency Room Visits 

Emergency Room Visits for Asthma (Norris, et al., 1999) 
 
Norris et al. (1999) examined the relation between air pollution in Seattle and childhood (<18) hospital 
admissions for asthma from 1995 to 1996.  The authors used air quality data for PM10, light scattering 
(used to estimate fine PM), CO, SO2, NO2, and O3 in a Poisson regression model with adjustments for day 
of the week, time trends, temperature, and dew point.  They found significant associations between 
asthma ER visits and light scattering (converted to PM2.5), PM10, and CO.   No association was found 
between O3, NO2, or SO2 and asthma ER visits, although O3 had a significant amount of missing data.  In 
multipollutant models with either PM metric (light scattering or PM10) and NO2 and SO2, the PM 
coefficients remained significant while the gaseous pollutants were not associated with increased asthma 
ER visits. 

In a model with NO2 and SO2, the PM2.5 coefficient and standard error are calculated from a relative risk 
of 1.17 (95% CI 1.08-1.26) for a 9.5 µg/m3 increase in PM2.5  (Norris, et al., 1999, p. 491). 

Functional Form: Log-linear 
Coefficient: 0.016527 
Standard Error: 0.004139 
Incidence Rate: region-specific daily emergency room rate for asthma admissions per person <18 (ICD 
code 493) 
Population: population of ages under 18.
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Table 24.  Health Impact Functions for Particulate Matter and Acute Effects 

Endpoint Name Author Year Location Age Other Pollutants 
in Model 

Metric Beta Std Error Functional 
Form 

Minor Restricted Activity Days Ostro & Rothschild 1989 Nationwide 18-64 Ozone 24-hr avg 0.007410 0.000700 Log-linear 
Acute Bronchitis Dockery et al. 1996 24 communities 8-12  Annual 0.027212 0.017096 Logistic 
Work Loss Days Ostro 1987 Nationwide 18-64  24-hr avg 0.004600 0.000360 Log-linear 
Lower Respiratory Symptoms Schwartz and Neas 2000 6 U.S. cities 7-14  24-hr avg 0.019012 0.006005 Logistic 
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B.5  Minor Effects 
 
We include functions to estimate acute bronchitis, lower respiratory symptoms, minor restricted days, and 
work loss days. 
 

Acute Bronchitis {Dockery, 1996 #25} 
 
Dockery et al {, 1996 #25} examined the relationship between PM and other pollutants on the reported 
rates of asthma, persistent wheeze, chronic cough, and bronchitis, in a study of 13,369 children ages 8-12 
living in 24 communities in U.S. and Canada.  Health data were collected in 1988-1991, and single-
pollutant models were used in the analysis to test a number of measures of particulate air pollution.  
Dockery et al. found that annual level of sulfates and particle acidity were significantly related  to 
bronchitis, and PM2.1 and PM10 were marginally significantly related to bronchitis.1 They also found 
nitrates were linked to asthma, and sulfates linked to chronic phlegm.  It is important to note that the 
study examined annual pollution exposures, and the authors did not rule out that acute (daily) exposures 
could be related to asthma attacks and other acute episodes.  Earlier work, by Dockery et al.{, 1989 
#327}, based on six U.S. cities, found acute bronchitis and chronic cough significantly related to PM15.  
Because it is based on a larger sample, the Dockery et al {, 1996 #25} study is the better study to develop 
a C-R function linking PM2.5 with bronchitis.  
 
Bronchitis was counted in the study only if there were “reports of symptoms in the past 12 months” 
{Dockery, 1996 #25, p. 501}.  It is unclear, however, if the cases of bronchitis are acute and temporary, 
or if the bronchitis is a chronic condition.  Dockery et al. found no relationship between PM and chronic 
cough and chronic phlegm, which are important indicators of chronic bronchitis.  For this analysis, we 
assumed that the health impact function based on Dockery et al. is measuring acute bronchitis.  The health 
impact function is based on results of the single pollutant model reported in Table 1.  
 
The estimated logistic coefficient and standard error are based on the odds ratio (1.50) and 95% 
confidence interval (0.91-2.47) associated with being in the most polluted city (PM2.1 = 20.7 µg/m3) 
versus the least polluted city (PM2.1 = 5.8 µg/m3){Dockery, 1996 #25, Tables 1 and 4}. The original study 
used PM2.1, however, we use the PM2.1 coefficient and apply it to PM2.5 data. 
 
Functional Form: Logistic 
Coefficient: 0.027212 
Standard Error: 0.017096 
Incidence Rate: annual bronchitis incidence rate per person = 0.043 {American Lung Association, 2002 
#2354, Table 11} 
Population: population of ages 8-12. 
 

                                                      
1 The original study measured PM2.1, however when using the study's results we use PM2.5.  This makes only a negligible 
difference, assuming that the adverse effects of PM2.1 and PM2.5 are comparable. 
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Lower Respiratory Symptoms {Schwartz, 2000 #1657} 
 
Schwartz and Neas {, 2000 #1657} used logistic regression to link lower respiratory symptoms and cough 
in children with coarse PM10, PM2.5, sulfate and H+ (hydrogen ion).  Children were selected for the study 
if they were exposed to indoor sources of air pollution: gas stoves and parental smoking.  The study 
enrolled 1,844 children into a year-long study that was conducted in different years (1984 to 1988) in six 
cities.  The students were in grades two through five at the time of enrollment in 1984.  By the completion 
of the final study, the cohort would then be in the eighth grade (ages 13-14); this suggests an age range of 
7 to 14. 
 
The coefficient and standard error are calculated from the reported odds ratio (1.33) and 95% confidence 
interval (1.11-1.58) associated with a 15 µg/m3 change in PM2.5 {Schwartz, 2000 #1657, Table 2}. 
 
Functional Form: Logistic 
Coefficient: 0.01901 
Standard Error: 0.006005 
Incidence Rate: daily lower respiratory symptom incidence rate per person = 0.0012{Schwartz, 1994 
#96, Table 2}. 
Population: population of ages 7 to 14. 
 

Minor Restricted Activity Days {Ostro, 1989 #62} 
 
Ostro and Rothschild {, 1989 #62} estimated the impact of PM2.5 and ozone on the incidence of minor 
restricted activity days (MRADs) and respiratory-related restricted activity days (RRADs) in a national 
sample of the adult working population, ages 18 to 65, living in metropolitan areas.2  The annual national 
survey results used in this analysis were conducted in 1976-1981.  Controlling for PM2.5, two-week 
average ozone has highly variable association with RRADs and MRADs.  Controlling for ozone, two-
week average PM2.5 was significantly linked to both health endpoints in most years.3  The health impact 
function for PM is based on this co-pollutant model. 
 
The study is based on a “convenience” sample of non-elderly individuals.  Applying the health impact 
function to this age group is likely a slight underestimate, as it seems likely that elderly are at least as 
susceptible to PM as individuals under 65.   
 
Using the results of the two-pollutant model, we developed separate coefficients for each year in the 
analysis, which were then combined for use in this analysis.  The coefficient is a weighted average of the 
coefficients in Ostro and Rothschild {, 1989 #62, Table 4} using the inverse of the variance as the weight: 
 

                                                      
2 The study population is based on the Health Interview Survey (HIS), conducted by the National Center for Health 
Statistics.  In publications from this ongoing survey, non-elderly adult populations are generally reported as ages 18-64.  
From the study, it is not clear if the age range stops at 65 or includes 65 year olds.  We apply the health impact function to 
individuals ages 18-64 for consistency with other studies estimating impacts to non-elderly adult populations. 

3The study used a two-week average pollution concentration; the health impact function uses a daily average, which is 
assumed to be a reasonable approximation.   
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The standard error of the coefficient is calculated as follows, assuming that the estimated year-specific 
coefficients are independent: This reduces down to: 
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Functional Form: Log-linear 
Coefficient: 0.00741 
Standard Error: 0.00070 
Incidence Rate: daily incidence rate for minor restricted activity days (MRAD) = 0.02137 {Ostro, 1989 
#60, p. 243} 
Population: adult population ages 18 to 64. 
 

Work Loss Days {Ostro, 1987 #456} 
 
Ostro {, 1987 #456} estimated the impact of PM2.5 on the incidence of work-loss days (WLDs), restricted 
activity days (RADs), and respiratory-related RADs (RRADs) in a national sample of the adult working 
population, ages 18 to 65, living in metropolitan areas.4  The annual national survey results used in this 
analysis were conducted in 1976-1981.  Ostro reported that two-week average PM2.5 levels5were 
significantly linked to work-loss days, RADs, and RRADs, however there was some year-to-year 
variability in the results.  Separate coefficients were developed for each year in the analysis (1976-1981); 
these coefficients were pooled.  The coefficient used in the concentration-response function presented 
here is a weighted average of the coefficients in Ostro {, 1987 #456, Table 3} using the inverse of the 
variance as the weight. 

                                                      
4 The study population is based on the Health Interview Survey (HIS), conducted by the National Center for Health 
Statistics.  In publications from this ongoing survey, non-elderly adult populations are generally reported as ages 18-64.  
From the study, it is not clear if the age range stops at 65 or includes 65 year olds.  We apply the health impact function to 
individuals ages 18-64 for consistency with other studies estimating impacts to non-elderly adult populations. 

5The study used a two-week average pollution concentration; the health impact function uses a daily average, which is 
assumed to be a reasonable approximation.   
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The standard error of the coefficient is calculated as follows, assuming that the estimated year-specific 
coefficients are independent: 
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This eventually reduces down to: 
 

σ γ σ γβ β
2 1 1

0 00036= ⇒ = = . .  

 
Functional Form: Log-linear 
Coefficient: 0.0046 
Standard Error: 0.00036 
Incidence Rate: daily work-loss-day incidence rate per person ages 18 to 64 = 0.00595 {Adams, 1999 
#2355, Table 41; U.S. Bureau of the Census, 1997 #447, No. 22} 
Population: adult population ages 18 to 64. 
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Table 25.  Health Impact Functions for Particulate Matter and Asthma-Related Effects 
 
Endpoint Name Author Year Location Age Averaging 

Time1 
Beta Std Error Functional 

Form 

Asthma Exacerbation, Cough Ostro et al. 2001 Los Angeles, CA 6-18 24-hr avg 0.000985 0.000747 Logistic 
Asthma Exacerbation, Shortness of Breath Ostro et al. 2001 Los Angeles, CA 6-18 24-hr avg 0.002565 0.001335 Logistic 

Asthma Exacerbation, Wheeze Ostro et al. 2001 Los Angeles, CA 6-18 24-hr avg 0.001942 0.000803 Logistic 
Asthma Exacerbation, Cough Vedal et al. 1998 Vancouver, CAN 6-18 24-hr avg 0.007696 0.003786 Logistic 
Upper Respiratory Symptoms Pope et al. 1991 Utah Valley 9-11 24-hr avg 0.0036 0.0015 Logistic 
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B.6  Asthma-Related Effects 
 
As described below, we pool the results of studies by Ostro et al. {, 2001 #2317} and Vedal et al. {, 1998 
#416} to get an estimate of lower respiratory symptoms in asthmatics.  In addition to the lower respiratory 
estimate, we include an upper respiratory estimate based on a study by Pope et al. {, 1991 #77}. 
 

Pooling Ostro et al. {, 2001 #2317} and Vedal et al. {, 1998 #416} 
 
To characterize asthma exacerbations in children, we use two studies that followed panels of asthmatic 
children. Ostro et al. {, 2001 #2317} followed a group of 138 African-American children in Los Angeles 
for 13 weeks, recording daily occurrences of respiratory symptoms associated with asthma exacerbations 
(e.g., shortness of breath, wheeze, and cough). This study found a statistically significant association 
between PM2.5, measured as a 12-hour average, and the daily prevalence of shortness of breath and 
wheeze endpoints. Although the association was not statistically significant for cough, the results were 
still positive and close to significance; consequently, we decided to include this endpoint, along with 
shortness of breath and wheeze, in generating incidence estimates.  
 
Vedal et al. {, 1998 #416} followed a group of elementary school children, including 74 asthmatics, 
located on the west coast of Vancouver Island for 18 months including measurements of daily peak 
expiratory flow (PEF) and the tracking of respiratory symptoms (e.g., cough, phlegm, wheeze, chest 
tightness) through the use of daily diaries. Association between PM10 and respiratory symptoms for the 
asthmatic population was only reported for two endpoints: cough and PEF. Because it is difficult to 
translate PEF measures into clearly defined health endpoints that can be monetized, we only included the 
cough-related effect estimate from this study in quantifying asthma exacerbations.  
 
We employed the following pooling approach in combining estimates generated using effect estimates 
from the two studies to produce a single asthma exacerbation incidence estimate.  First, we pooled (with 
an approach that gave equal weight) the separate incidence estimates for shortness of breath, wheeze, and 
cough generated using effect estimates from the Ostro et al. {, 2001 #2317} study, because each of these 
endpoints is aimed at capturing the same overall endpoint (asthma exacerbations) and there could be 
overlap in their predictions. The pooled estimate from the Ostro et al. study is then pooled with the cough-
related estimate generated using the Vedal study (using a fixed/random effects approach). The rationale 
for this second pooling step is similar to the first; both studies are attempting to quantify the same overall 
endpoint (asthma exacerbations). 
 
To prevent double-counting, we followed EPA {, 2005 #2695, p. 4-38} and focused the estimation on 
asthma exacerbations occurring in children and excluded adults from the calculation.  Asthma 
exacerbations occurring in adults are assumed to be captured in the general population endpoints such as 
work loss days and MRADs. Consequently, if we had included an adult-specific asthma exacerbation 
estimate, this would likely have double-counted incidence for this endpoint. However, because the 
general population endpoints do not cover children (with regard to asthmatic effects), an analysis focused 
specifically on asthma exacerbations for children (6 to 18 years of age) could be conducted without 
concern for double-counting. 
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Asthma Exacerbation: Cough, Wheeze, and Shortness of Breath {Ostro, 2001 
#2317} 
 
Ostro et al. {, 2001 #2317} studied the relation between air pollution in Los Angeles and asthma 
exacerbation in African-American children (8 to 13 years old) from August to November 1993.  They 
used air quality data for PM10, PM2.5, NO2, and O3 in a logistic regression model with control for age, 
income, time trends, and temperature-related weather effects.1  Asthma symptom endpoints were defined 
in two ways: “probability of a day with symptoms” and “onset of symptom episodes”.  New onset of a 
symptom episode was defined as a day with symptoms followed by a symptom-free day.  The authors 
found cough prevalence associated with PM10 and PM2.5 and cough incidence associated with PM2.5, 
PM10, and NO2.  Ozone was not significantly associated with cough among asthmatics. 
 
Note that the study focused on African-American children ages 8 to 13 years old.  We apply the function 
based on this study to the general population ages 6 to 18 years old. 
 

Asthma Exacerbation, Cough 
 
The coefficient and standard error are based on an odds ratio of 1.03 (95% CI 0.98-1.07) for a 30 µg/m3 
increase in 12-hour average PM2.5 concentration{Ostro, 2001 #2317, Table 4, p. 204}.  
 
Functional Form: Logistic 
Coefficient: 0.000985 
Standard Error: 0.000747 
Incidence Rate: daily cough rate per person {Ostro, 2001 #2317, p. 202}  = 0.145 
Population: asthmatic population ages 6 to 18 = 5.67%.2 
 

Asthma Exacerbation, Shortness of Breath 
 
The coefficient and standard error are based on an odds ratio of 1.08 (95% CI 1.00-1.17) for a 30 µg/m3 
increase in 12-hour average PM2.5 concentration {Ostro, 2001 #2317, Table 4, p. 204}.  
 
Functional Form: Logistic 
Coefficient: 0.002565 
Standard Error: 0.001335 
Incidence Rate: daily shortness of breath rate per person {Ostro, 2001 #2317, p. 202} = 0.074 
Population: asthmatic population ages 6 to 18 = 5.67%. 
 

                                                      
1 The authors note that there were 26 days in which PM2.5 concentrations were reported higher than PM10 concentrations.  
The majority of results the authors reported were based on the full dataset.  These results were used for the basis for the C-
R functions. 

2 The American Lung Association (2002a, Table 7) estimates asthma prevalence for children 5-17 at 5.67% (based on data 
from the 1999 National Health Interview Survey). 
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Asthma Exacerbation, Wheeze 
 
The coefficient and standard error are based on an odds ratio of 1.06 (95% CI 1.01-1.11) for a 30 µg/m3 
increase in 12-hour average PM2.5 concentration {Ostro, 2001 #2317, Table 4, p. 204}.  
 
Functional Form: Logistic 
Coefficient: 0.001942 
Standard Error: 0.000803 
Incidence Rate: daily wheeze rate per person {Ostro, 2001 #2317, p. 202}   = 0.173 
Population: asthmatic population ages 6 to 18 = 5.67%. 
 

Asthma Exacerbation, Cough {Vedal, 1998 #416} 
 
Vedal et al. {, 1998 #416} studied the relationship between air pollution and respiratory symptoms among 
asthmatics and non-asthmatic children (ages 6 to 13) in Port Alberni, British Columbia, Canada.  Four 
groups of elementary school children were sampled from a prior cross-sectional study: (1) all children 
with current asthma, (2) children without doctor diagnosed asthma who experienced a drop in FEV after 
exercise, (3) children not in groups 1 or 2 who had evidence of airway obstruction, and (4) a control 
group of children with matched by classroom.   
 
The authors used logistic regression and generalized estimating equations to examine the association 
between daily PM10 levels and daily increases in various respiratory symptoms among these groups.  In 
the entire sample of children, PM10 was significantly associated with cough, phlegm, nose symptoms, and 
throat soreness.  Among children with diagnosed asthma, the authors report a significant association 
between PM10 and cough symptoms, while no consistent effects were observed in the other groups.  Since 
the study population has an over-representation of asthmatics, due to the sampling strategy, the results 
from the full sample of children are not generalizeable to the entire population.  The health impact 
function presented below is based on results among asthmatics ages 6 to 18. 
 
The PM10 coefficient and standard error are based on an increase in odds of 8% (95% CI 0-16%) reported 
in the abstract for a 10 µg/m3 increase in daily average PM10. 
 
Functional Form: Logistic 
Coefficient: 0.007696 
Standard Error: 0.003786 
Incidence Rate: daily cough rate per person {Vedal, 1998 #416, Table 1, p. 1038}  = 0.086 
Population: asthmatic population ages 6 to 18 = 5.67%.3 
 
 

                                                      
3 The American Lung Association {American Lung Association, 2002 #2358} estimates asthma prevalence for children 5-
17 at 5.67% (based on data from the 1999 National Health Interview Survey). 
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Upper Respiratory Symptoms {Pope, 1991 #897} 
 
Using logistic regression, Pope et al. {, 1991 #897} estimated the impact of PM10 on the incidence of a 
variety of minor symptoms in 55 subjects (34 “school-based” and 21 “patient-based”) living in the Utah 
Valley from December 1989 through March 1990.  The children in the Pope et al. study were asked to 
record respiratory symptoms in a daily diary.  With this information, the daily occurrences of upper 
respiratory symptoms (URS) and lower respiratory symptoms (LRS) were related to daily PM10 
concentrations.  Pope et al. describe URS as consisting of one or more of the following symptoms:  runny 
or stuffy nose; wet cough; and burning, aching, or red eyes.   
 
Levels of ozone, NO2, and SO2 were reported low during this period, and were not included in the 
analysis.  The sample in this study is relatively small and is most representative of the asthmatic 
population, rather than the general population.  The school-based subjects (ranging in age from 9 to 11) 
were chosen based on “a positive response to one or more of three questions: ever wheezed without a 
cold, wheezed for 3 days or more out of the week for a month or longer, and/or had a doctor say the ‘child 
has asthma’{Pope, 1991 #897, p. 669}.”  The patient-based subjects (ranging in age from 8 to 72) were 
receiving treatment for asthma and were referred by local physicians.  Regression results for the school-
based sample {Pope, 1991 #897, Table 5} show PM10 significantly associated with both upper and lower 
respiratory symptoms.  The patient-based sample did not find a significant PM10 effect.  The results from 
the school-based sample are used here. 
 
The coefficient and standard error for a one µg/m3 change in PM10 is reported in Table 5. 
 
Functional Form: Logistic 
Coefficient: 0.0036 
Standard Error: 0.0015 
Incidence Rate: daily upper respiratory symptom incidence rate per person = 0.3419 {Pope, 1991 #897, 
Table 2} 
Population: asthmatic population ages 9 to 11 = 5.67%4 of population ages 9 to 11. 

                                                      
4  The American Lung Association {, 2002 #2358, Table 7} estimates asthma prevalence for children ages 5 to 17 at 
5.67% (based on data from the 1999 National Health Interview Survey). 
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Appendix C: Baseline Incidence Rates for Adverse 
Health Effects 
 
Health impact functions developed from log-linear or logistic models estimate the percent change in an 
adverse health effect associated with a given pollutant change.  In order to estimate the absolute change in 
incidence using these functions, we need the baseline incidence rate of the adverse health effect.  This 
appendix describes the data used to estimate baseline incidence rates for the health effects considered in 
this analysis. 

Note that the level of geographic aggregation varies with the type of health effect, due to data limitations.  
The mortality data are available at the county-level, and would seem appropriate for COBRA’s county-
level results.  For hospital admissions, in which we have data for four broad regions, the level of 
aggregation is greater than the county-level, and as a result, the health impacts estimates for any given 
county are more uncertain.  Similarly, for chronic bronchitis, lower respiratory symptoms, and minor 
restricted activity days – health effects with national incidence rates – we introduce additional uncertainty 
to the estimates.  In some instances we will likely over estimate, and in others under estimate, however, 
on the whole, we hope to have a reasonably unbiased estimate. 
 

C.1  Mortality  
 
Age, cause, and county-specific mortality rates were originally obtained from the U.S. Centers for 
Disease Control (CDC) for the years 1996 through 1998.  However, since mortality rates are projected to 
change significantly over time due to the general increase in life-expectancy, we calibrated our county-
specific rates with U.S. Census forecasts of national, all-cause mortality rates for 2025.  Table 26 presents 
population-weighted national mortality rates by year and age group. 

 

Table 26.  National All-Cause Mortality Rates for Selected Conditions, by Year and Age Group 

Mortality Rate by Age Group (deaths per 100 people per year)  
Year 

Infants 25-34 35-44 45-54 55-64 65-74 75-84 85+ 

1996-1998 0.246 0.119 0.211 0.437 1.056 2.518 5.765 15.160 

2025 0.175 0.093 0.148 0.313 0.776 1.805 4.183 12.484 

Source: We obtained county-level 1996-1998 mortality rates from the CDC Wonder (http://wonder.cdc.gov/).  
Year 2025 rates were estimated based on the U.S. Census Burean projected life tables 
(http://www.census.gov/population/www/projections/natdet-D5.html) and population forecasts 
(http://www.census.gov/ipc/www/usinterimproj/).  Note that the rates presented here are population-weighted by 
the population for the year specific to the rate estimate. 

 

In developing our county mortality incidence projections, we multiplied the county-specific all-cause 
mortality rates for 1996-1998 with the ratio of the future year (2025) national all-cause rate to the 1996-
1998 national all-cause rate. 
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CDC maintains an online data repository of health statistics, CDC Wonder, accessible at 
http://wonder.cdc.gov/.  The mortality rates provided are derived from U.S. death records and U.S. 
Census Bureau post-censal population estimates.  We averaged mortality rates across three years (1996 
through 1998) to provide more stable estimates.  When estimating rates for age groups that differed from 
the CDC Wonder groupings, we assumed that rates were uniform across all ages in the reported age 
group.  For example, to estimate mortality rates for individuals ages 30 and up, we scaled the 25-34 year 
old death count and population by one-half and then generated a population-weighted mortality rate using 
data for the older age groups. 

 

C.2  Hospitalizations 
 
Regional hospitalization counts were obtained from the National Center for Health Statistics’ (NCHS) 
National Hospital Discharge Survey (NHDS).  NHDS is a sample-based survey of non-Federal, short-stay 
hospitals (<30 days)1, and is the principal source of nationwide hospitalization data.  The survey collects 
data on patient characteristics, diagnoses, and medical procedures. 

Public use data files for the year 1999 survey were downloaded2 and processed to estimate hospitalization 
counts by region.  NCHS groups states into four regions using the following groupings defined by the 
U.S. Bureau of the Census: 

 

· Northeast - Maine, New Hampshire, Vermont, Massachusetts, Rhode Island, Connecticut, New 
York, New Jersey, Pennsylvania 

· Midwest - Ohio, Indiana, Illinois, Michigan, Wisconsin, Minnesota, Iowa, Missouri, North 
Dakota, South Dakota, Nebraska, Kansas 

· South - Delaware, Maryland, District of Columbia, Virginia, West Virginia, North Carolina, 
South Carolina, Georgia, Florida, Kentucky, Tennessee, Alabama, Mississippi, Arkansas, 
Louisiana, Oklahoma, Texas 

· West - Montana, Idaho, Wyoming, Colorado, New Mexico, Arizona, Utah, Nevada, 
Washington, Oregon, California, Alaska, Hawaii 

 

                                                      
1The following hospital types are excluded from the survey: hospitals with an average patient length of stay of greater than 
30 days, federal, military, Department of Veterans Affairs hospitals, institutional hospitals (e.g. prisons), and hospitals 
with fewer than six beds. 

2 Data are available at ftp://ftp.cdc.gov/pub/Health_Statistics/NCHS/Datasets/NHDS/ 
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We calculated per capita hospitalization rates, by dividing these counts by the estimated regional 
population estimates for 1999 that we derived from the U.S. Bureau of the Census and the population 
projections used by NHDS to generate the counts.  Note that NHDS started with hospital admission 
counts, based on a sample of admissions, and then they used population estimates to generate population-
weighted hospital admission counts that are representative of each region.  This weighting used forecasts 
of 1999 population data.  Ideally, we would use these same forecasts to generate our admission rates. 
However, while NHDS presented counts of hospital admissions with a high degree of age specificity, it 
presented regional population data for only four age groups: 0-14, 15-44, 45-64, and 65+.  Using only the 
NHDS data, we would be limited to calculating regional admission rates for four groups.  Because we are 
interested in a broader range of age groups, we turned to 2000 Census. 

We used the 2000 Census to obtain more age specificity, and then corrected the 2000 Census figures so 
that the total population equaled the total for 1999 forecasted by NHDS.  That is, we sued the following 
procedure: (1) we calculated the count of hospital admissions by region in 1999 for the age groups of 
interest, (2) we calculated the 2000 regional populations corresponding to these age groups, (3) calculated 
regional correction factors, that equal the regional total population in 1999 divided by the regional total 
population in 2000 by region, (4) multiplied the 2000 population estimates by these correction factors, 
and (5) divided the 1999 regional count of hospital admissions by the estimated 1999 population. 

The endpoints in hospitalization studies are defined using different combinations of ICD codes.  Rather 
than generating a unique baseline incidence rate for each ICD code combination, for the purposes of this 
analysis, we identified a core group of hospitalization rates from the studies and applied the appropriate 
combinations of these rates in the C-R functions:  

 

 • all respiratory (ICD-9 460-519) 

 • chronic lung disease (ICD-9 490-496) 

 • asthma (ICD-9 493) 

 • pneumonia (ICD-9 480-487) 

 • acute bronchitis (ICD-9 466) 

 • acute laryngitis (ICD-9 464) 

 • all cardiovascular (ICD-9 390-459) 

 • ischemic heart disease (ICD-9 410-414) 

 • dysrhythmia (ICD-9 427) 

 • congestive heart failure (ICD-9 428) 

 

For each C-R function, we selected the baseline rate or combination of rates that most closely matches to 
the study endpoint definition.  For studies that define chronic lung disease as ICD 490-492, 494-496, we 
subtracted the incidence rate for asthma (ICD 493) from the chronic lung disease rate (ICD 490-496).  In 
some cases, the baseline rate will not match exactly to the endpoint definition in the study.  For example, 
Burnett et al. (2001)studied the following respiratory conditions in infants <2 years of age: ICD 464.4, 
466, 480-486, 493.  For this C-R function we apply an aggregate of the following rates: ICD 464, 466, 
480-487, 493.  Although they do not match exactly, we assume that relationship observed between the 
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pollutant and study-defined endpoint is applicable for the additional codes.  Table 27 presents a summary 
of the national hospitalization rates for 1999 from NHDS.  
 

Table 27.  Hospitalization Rates, by Region and Age Group 

Hospitalization Rate by Age Group  
(admissions per 100 people per year) Hospitalization 

Category 
ICD-9 
Codes 

Under 2 2-17 18-24 25-34 35-44 45-54 55-64 65-74 75-84 85+ 
Respiratory 
all respiratory 460-519 5.447 0.545 0.271 0.318 0.446 0.763 1.632 3.506 6.276 9.746 
acute laryngitis 464 0.285 0.029 0.002 0.001 0.002 0.008 0.000 0.001 0.009 0.005 
acute bronchitis 466 2.428 0.028 0.017 0.014 0.017 0.027 0.040 0.090 0.192 0.364 
pneumonia 480-487 1.498 0.168 0.069 0.103 0.155 0.256 0.561 1.344 2.781 5.597 
asthma 493 0.730 0.226 0.081 0.109 0.098 0.144 0.161 0.182 0.231 0.258 
chronic lung disease 490-496 0.769 0.232 0.089 0.124 0.148 0.301 0.711 1.383 1.907 1.574 
Cardiovascular 
all cardiovascular 390-429 0.089 0.023 0.052 0.146 0.534 1.552 3.384 6.611 10.032 13.192
ischemic heart 
disease 

410-414 0.026 0.002 0.008 0.031 0.231 0.902 2.021 3.345 4.193 4.099 

dysrhythmia 427 0.015 0.010 0.017 0.027 0.076 0.158 0.392 1.014 1.709 2.203 
congestive heart 
failure 

428 0.016 0.001 0.005 0.011 0.055 0.160 0.469 1.226 2.677 4.948 

Source: As described in the text, we obtained the regional count of hospital admissions from National Hospital 
Discharge Survey (NHDS), and we obtained the population data from the 2000 U.S. Census and NHDS. 

 

C.3  Emergency Room Visits for Asthma 
 
Regional asthma emergency room visit counts were obtained from the National Hospital Ambulatory 
Medical Care Survey (NHAMCS).  NHAMCS is a sample-based survey, conducted by NCHS, designed 
to collect national data on ambulatory care utilization in hospital emergency and outpatient departments 
of non-Federal, short-stay hospitals (<30 days).1  

Public use data files for the year 2000 survey were downloaded2 and processed to estimate hospitalization 
counts by region.  We obtained population estimates from the 2000 U.S. Census.  The NCHS regional 
groupings described above were used to estimate regional emergency room visit rates.  Table 28 presents 
the estimated asthma emergency room rates by region. 

 
                                                      
1 The target universe of the NHAMCS is in-person visits made in the United States to emergency and outpatient 
departments of non-Federal, short-stay hospitals (hospitals with an average stay of less than 30 days) or those whose 
specialty is general (medical or surgical) or children’s general.  

2 Data are available at ftp://ftp.cdc.gov/pub/Health_Statistics/NCHS/Datasets/NHAMCS/ 
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Table 28.  Emergency Room Visit Rates for Asthma, by Region and Age Group 
 

ER Visit Rate  
(visits per 100 people per year) ER Category ICD-9 Code Region 

0-18 18-64 65+ 

asthma 493 Northeast 0.761 0.802 0.300 

  Midwest 1.476 0.877 0.334 

  South 1.243 0.420 0.192 

  West 0.381 0.381 0.137 

Source: We obtained ER visit counts for the year 2000 from the National Hospital Ambulatory Medical Care 
Survey (NHAMCS) and population data were obtained from the 2000 U.S. Census. 

 
 

C.4  Nonfatal Heart Attacks  
 
The relationship between short-term particulate matter exposure and heart attacks was quantified in a 
case-crossover analysis by Peters et al (2001).  The study population was selected from heart attack 
survivors in a medical clinic.  Therefore, the applicable population to apply to the C-R function is all 
individuals surviving a heart attack in a given year.  Several data sources are available to estimate the 
number of heart attacks per year.  For example, several cohort studies have reported estimates of heart 
attack incidence rates in the specific populations under study.  However, these rates depend on the 
specific characteristics of the populations under study and may not be the best data to extrapolate 
nationally.  The American Heart Association reports approximately 540,000 new heart attacks per year 
using data from a multi-center study (Haase, 2002). Exclusion of heart attack deaths reported by CDC 
Wonder yields approximately 330,000 nonfatal cases per year.3 
 
An alternative approach to the estimation of heart attack rates is to use data from the National Hospital 
Discharge Survey, assuming that all heart attacks that are not instantly fatal will result in a hospitalization.  
According to the National Hospital Discharge Survey, in 1999 there were approximately 829,000 
hospitalizations due to heart attacks (acute myocardial infarction: ICD-9 410) (Popovic, 2001, Table 8).  
We used regional hospitalization rates over estimates extrapolated from cohort studies because the former 
is part of a nationally representative survey with a larger sample size, which is intended to provide 
reliable national estimates.  As additional information is provided regarding the American Heart 
Association methodology, we will evaluate the usefulness of this estimate of heart attack incidence. 
 
Rosamond et al. (1999) reported that approximately six percent of male and eight percent of female 
hospitalized heart attack patients die within 28 days (either in or outside of the hospital).  We, therefore, 
applied a factor of 0.93 to the count of hospitalizations to estimate the number of nonfatal heart attacks 
per year.  To estimate the rate of nonfatal heart attack, we divided the count by the population estimate 
for 2000 from the U.S. Census.  Table 29 presents the regional nonfatal heart attack incidence rates. 
 
                                                      
3 Note that we excluded fatal heart attacks to avoid double-counting mortality, as well as to be consistent with prior EPA 
regulatory impact assessments (e.g., Clean Air Interstate Rule). 



 

 
Abt Associates Inc.   78      March 2009 

Table 29.  Nonfatal Heart Attack Rates, by Region and Age Group 

Nonfatal Heart Attack Rate 
(cases per 100 people per year) a Endpoint (ICD codes) Region 

0-18 18-64 65+ 

Nonfatal heart attacks (ICD-9 
410) 

Northeast 0.0000 0.2167 1.6359 

 Midwest 0.0003 0.1772 1.4898 

 South 0.0006 0.1620 1.1797 

 West 0.0000 0.1391 1.1971 
a Rates are based on data from the 1999 National Hospital Discharge Survey (NHDS) and an estimate from 
Rosamond et al. (1999) that approximately 7% of individuals hospitalized for a heart attack die within 28 days. 

 

C.5  Other Acute and Chronic Effects 
 
For many of the minor effect studies, baseline rates from a single study are often the only source of 
information, and we assume that these rates hold for locations in the U.S.  The use of study-specific 
estimates are likely to increase the uncertainty around the estimate because they are often estimated from 
a single location using a relatively small sample.  These endpoints include: acute bronchitis, chronic 
bronchitis, upper respiratory symptoms, lower respiratory symptoms.  Table 30 presents a summary of 
these baseline rates.   
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Table 30.  Selected Acute and Chronic Effects Rates 

Endpoint Age Parameter a Rate Source 

Acute Bronchitis 8-12 Incidence 4.300 (American Lung Association, 
2002c, Table 11) 

Chronic Bronchitis 27+ Incidence 0.378 (Abbey, et al., 1993b, Table 3) 

 18-44  Prevalence 3.67% 

 45-64  5.05% 

 65+  5.87% 

(American Lung Association, 
2002b, Table 4) 

Lower Respiratory 
Symptoms (LRS) 7-14 Incidence 43.8 (Schwartz, et al., 1994, Table 2) 

Minor Restricted Activity 
Days (MRAD) 18-64 Incidence 780.0 (Ostro and Rothschild, 1989, p. 243)

Work Loss Day (WLD) 18-64 Incidence 217.2 

 18-24  197.1 

 25-44  247.5 

 45-64  179.6 

(Adams, et al., 1999, Table 41); 
(U.S. Bureau of the Census, 1997) 

a The incidence rate is the number of cases per 100 people per year.  Prevalence refers to the fraction of people 
that have a particular illness during a particular time period. 

 

Acute Bronchitis 
 
The annual rate of acute bronchitis for children ages 5 to 17 was obtained from the American Lung 
Association (2002c).  The authors reported an annual incidence rate per person of 0.043, derived from the 
1996 National Health Interview Survey. 
 

Chronic Bronchitis  
 
The annual incidence rate for chronic bronchitis is estimated from data reported by Abbey et al.(1993a).  
The rate is calculated by taking the number of new cases (234), dividing by the number of individuals in 
the sample (3,310), dividing by the ten years covered in the sample, and then multiplying by one minus 
the reversal rate (estimated to be 46.6% based on Abbey et al. (1995c, Table 1)).  We then multiplied this 
result by 100 to calculate an annual incidence rate per 100 people of 0.378. 
 
Age-specific incidence rates are not available.  Abbey et al. (1995c, Table 1) did report the incidences by 
three age groups (25-54, 55-74, and 75+) for “cough type” and “sputum type” bronchitis.  However, they 
did not report an overall incidence rate for bronchitis by age-group.  Since, the cough and sputum types of 
bronchitis overlap to an unknown extent, we did not attempt to generate age-specific incidence rates for 
the over-all rate of bronchitis. 
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We obtained the annual prevalence rate for chronic bronchitis from the American Lung 
Association,(American Lung Association, , Table 4).  Based on an analysis of 1999 National Health 
Interview Survey data, they estimated a rate of 0.0443 for persons 18 and older, they also reported the 
following prevalence rates for people in the age groups 18-44, 45-64, and 65+: 0.0367, 0.0505, and 
0.0587, respectively. 
 

Lower Respiratory Symptoms 
Lower respiratory symptoms (LRS) are defined as two or more of the following: cough, chest pain, 
phlegm, wheeze.  The proposed yearly incidence rate for 100 people, 43.8, is based on the percentiles in 
Schwartz et al (1994, Table 2).  The authors did not report the mean incidence rate, but rather reported 
various percentiles from the incidence rate distribution.  The percentiles and associated per person per day 
values are 10th = 0 percent, 25th = 0 percent, 50th = 0 percent, 75th = 0.29 percent, and 90th = 0.34 percent.  
The most conservative estimate consistent with the data are to assume the incidence per person per day is 
zero up to the 75th percentile, a constant 0.29 percent between the 75th and 90th percentiles, and a constant 
0.34 percent between the 90th and 100th percentiles.  Alternatively, assuming a linear slope between the 
50th and 75th, 75th and 90th, and 90th to 100th percentiles, the estimated mean incidence rate per person per 
day is 0.12 percent. 24  We used the latter approach in this analysis, and then multiplied by 100 and by 365 
to calculate the incidence rate per 100 people per year. 
 

Minor Restricted Activity Days (MRAD) 
 
Ostro and Rothschild {, 1989 #60, p. 243} provide an estimate of the annual incidence rate of MRADs 
(7.8).  We multiplied this estimate by 100 to get an annual rate per 100 people. 
 

Work Loss Days 
 

The yearly work-loss-day incidence rate per 100 people is based on estimates from the 1996 National 
Health Interview Survey (Adams, et al., 1999, Table 41).  They reported a total annual work loss days of 
352 million for individuals ages 18 to 65.  The total population of individuals of this age group in 1996 
(162 million) was obtained from (U.S. Bureau of the Census, 1997).  The average annual rate of work loss 
days per individual (2.17) was multiplied by 100 to obtain the average yearly work-loss-day rate of 217 
per 100 people.  Using a similar approach, we calculated work-loss-day rates for ages 18-24, 25-44, and 
45-64, respectively. 

 

C.6  Asthma-Related Health Effects  
 
Several studies have examined the impact of air pollution on asthma development or exacerbation in the 
asthmatic population.  Many of the baseline incidence rates used in the C-R functions are based on study-
specific estimates.  The baseline rates for the various endpoints are described below and summarized in 
Table 31. 
                                                      
24 For example, the 62.5th percentile would have an estimated incidence rate per person per day of 0.145 percent. 
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Table 31.  Asthma-Related Health Effects Rates 

Endpoint Age Parameter a Rate Source 

Cough 6-18 Incidence 3,139.0 (Vedal, et al., 1998, Table 1, p. 1038) 

Asthma Exacerbation, Cough 6-18 Incidence 5,292.5 (Ostro, et al., 2001, p. 202) 

Asthma Exacerbation, Shortness of 
Breath 6-18 Incidence 2,701.0 (Ostro, et al., 2001, p. 202) 

Asthma Exacerbation, Wheeze 6-18 Incidence 6,314.5 (Ostro, et al., 2001, p. 202) 

Asthma 6-18 Prevalence 5.67% (American Lung Association, 2002a, 
Table 7) 

Upper Respiratory Symptoms (URS)2 9-11 Incidence 12,479.4 (Pope, et al., 1991, Table 2) 
a The incidence rate is the number of cases per 100 people per year.  Prevalence refers to the fraction of people that 
have a particular illness during a particular time period. 
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Appendix D: Population Forecast 

 
To estimate the change in population exposure to air pollution, we use projections based on economic 
forecasting models developed by Woods & Poole (2001) . The Woods and Poole (WP) database contains 
county-level projections of population by age, sex, and race out to 2025. Projections in each county are 
determined simultaneously with every other county in the United States to take into account patterns of 
economic growth and migration.  The sum of growth in county-level populations is constrained to equal a 
previously determined national population growth, based on Bureau of Census estimates.  The projection 
year used for this particular analysis is 2010. 
 
According to WP, linking county-level growth projections together and constraining to a national-level 
total growth avoids potential errors introduced by forecasting each county independently. County 
projections are developed in a four-stage process. First, national-level variables such as income, 
employment, and populations are forecasted. Second, employment projections are made for 172 economic 
areas defined by the Bureau of Economic Analysis, using an “export-base” approach, which relies on 
linking industrial sector production of non-locally consumed production items, such as outputs from 
mining, agriculture, and manufacturing with the national economy.  
 
The export-based approach requires estimation of demand equations or calculation of historical growth 
rates for output and employment by sector. Third, population is projected for each economic area based 
on net migration rates derived from employment opportunities and following a cohort component method 
based on fertility and mortality in each area. Fourth, employment and population projections are repeated 
for counties, using the economic region totals as bounds.  The age, sex, and race distributions for each 
region or county are determined by aging the population by single year of age by sex and race for each 
year through 2020 based on historical rates of mortality, fertility, and migration. 
 
The WP projections of county-level population are based on historical population data from 1969 through 
1999 and do not include the 2000 Census results. Given the availability of detailed 2000 Census data, we 
constructed adjusted county-level population projections for each future year using a two-stage process. 
First, we constructed ratios of the projected WP populations in a future year to the projected WP 
population in 2000 for each future year by age, sex, and race. Second, we multiplied the block-level 2000 
Census population data by the appropriate age-, sex-, and race-specific WP ratio for the county containing 
the census block for each future year. This results in a set of future population projections that is 
consistent with the most recent detailed Census data. 
 
To forecast population levels for 2025, we started with county-level data from the 2000 U.S. Census 
(GeoLytics Inc., 2002b), and then scaled these data with the ratio of the county-level forecast for the 
future year (e.g., 2010) over the 2000 county-level population level.  For a particular county “c”, we use 
the following forecasting procedure: 
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Appendix E: Economic Value of Health Effects 

 
This appendix presents the mean estimate of the unit values used in this analysis.  Table 32 lists these unit 
values. 
 

Table 32.  Unit Values for Economic Valuation of Health Endpoints Based on 2025 Income (2006 $) 

Health Endpoint Age Range Unit Value 
Mortality 0 - 99 $7,900,000 
Chronic Bronchitis 27 - 99 $500,000 
Acute Myocardial Infarction, Nonfatal 0 - 24 $85,000 
Acute Myocardial Infarction, Nonfatal 25 - 44 $96,000 
Acute Myocardial Infarction, Nonfatal 45 - 54 $100,000 
Acute Myocardial Infarction, Nonfatal 55 - 64 $180,000 
Acute Myocardial Infarction, Nonfatal 65 - 99 $85,000 
HA, All Cardiovascular (less AMI) 18 - 64 $29,000 
HA, All Cardiovascular (less AMI) 65 - 99 $27,000 
HA, Asthma 0 - 64 $10,000 
HA, Chronic Lung Disease 65 - 99 $17,000 
HA, Chronic Lung Disease (less Asthma) 18 - 64 $16,000 
HA, Congestive Heart Failure 65 - 99 $20,000 
HA, Dysrhythmia 65 - 99 $20,000 
HA, Ischemic Heart Disease (less AMI) 65 - 99 $33,000 
HA, Pneumonia 65 - 99 $23,000 
Asthma ER Visits 0 - 17 $370 
Acute Bronchitis 8 - 12 $530 
Lower Resp. Symptoms 7 - 14 $20 
Upper Resp. Symptoms 9 - 11 $31 
MRAD 18 - 64 $75 
Work Loss Days* 18 - 64 $140 
Asthma Exacerbation, Cough 6 - 18 $54 
Asthma Exacerbation, Shortness of Breath 6 - 18 $54 
Asthma Exacerbation, Wheeze 6 - 18 $54 
NOTE: Numbers rounded to two significant digits.   
* County-specific median daily wage.  National number displayed here. 
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E.1  Valuing Premature Mortality 
 
EPA (2005, p. 4-51) estimated the monetary benefit of reducing premature mortality risk using the VSL 
approach, which is a summary measure for the value of small changes in mortality risk experienced by a 
large number of people. The mean value of avoiding one statistical death is assumed to be $5.5 million in 
2000 dollars and 1990 income levels. This represents a central value consistent with the range of values 
suggested by recent meta-analyses of the wage-risk literature on the value of a statistical life (VSL). 

EPA (2005, p. 4-56) assumed for this analysis that some of the incidences of premature mortality related 
to PM exposures occur in a distributed fashion over the 20 years following exposure. To take this into 
account in the valuation of reductions in premature mortality, we applied an annual 3 percent discount 
rate to the value of premature mortality occurring in future years. 

There are a number of uncertainties in this estimate.  The health science literature on air pollution 
indicates that several human characteristics affect the degree to which mortality risk affects an individual. 
For example, some age groups appear to be more susceptible to air pollution than others (e.g., the elderly 
and children). Health status prior to exposure also affects susceptibility. An ideal benefits estimate of 
mortality risk reduction would reflect these human characteristics, in addition to an individual’s WTP to 
improve one’s own chances of survival plus WTP to improve other individuals’ survival rates.  

The ideal measure would also take into account the specific nature of the risk reduction commodity that is 
provided to individuals, as well as the context in which risk is reduced.  To measure this value, it is 
important to assess how reductions in air pollution reduce the risk of dying from the time that reductions 
take effect onward and how individuals value these changes. Each individual’s survival curve, or the 
probability of surviving beyond a given age, should shift as a result of an environmental quality 
improvement. For example, changing the current probability of survival for an individual also shifts 
future probabilities of that individual’s survival. This probability shift will differ across individuals 
because survival curves depend on such characteristics as age, health state, and the current age to which 
the individual is likely to survive.   

There are other potentially important factors that go beyond the scope of this discussion.  For additional 
details, EPA (2005, p. 4-57) has an in-depth discussion of the uncertainties underlying mortality 
valuation. 

 

E.2  Valuing Chronic Bronchitis 
 
PM-related chronic bronchitis is expected to last from the initial onset of the illness throughout the rest of 
the individual’s life.  WTP to avoid chronic bronchitis would therefore be expected to incorporate the 
present discounted value of a potentially long stream of costs (e.g., medical expenditures and lost 
earnings) as well as WTP to avoid the pain and suffering associated with the illness.  Both WTP and COI 
estimates are currently available in BenMAP.    

Two contingent valuation studies, Viscusi et al. (1991)and Krupnick and Cropper(1992),  provide 
estimates of WTP to avoid a case of chronic bronchitis.  Viscusi et al. (1991)and Krupnick and Cropper 
(1992) were experimental studies intended to examine new methodologies for eliciting values for 
morbidity endpoints.  Although these studies were not specifically designed for policy analysis, they can 
be used to provide reasonable estimates of WTP to avoid a case of chronic bronchitis.  As with other 
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contingent valuation studies, the reliability of the WTP estimates depends on the methods used to obtain 
the WTP values.  The Viscusi et al. and the Krupnick and Cropper studies are broadly consistent with 
current contingent valuation practices, although specific attributes of the studies may not be. 

The study by Viscusi et al. (1991)used a sample that is larger and more representative of the general 
population than the study by Krupnick and Cropper(1992), which selected people who have a relative 
with the disease.  However, the chronic bronchitis described to study subjects in the Viscusi study is 
severe, whereas a pollution-related case may be less severe. 

The relationship between the severity of a case of chronic bronchitis and WTP to avoid it was estimated 
by Krupnick and Cropper(1992).  We used that estimated relationship to derive a relationship between 
WTP to avoid a severe case of chronic bronchitis, as described in the Viscusis study, and WTP to avoid a 
less severe case.  The estimated relationship (see Table 4 in Krupnick and Cropper) can be written as: 

 

   

 

where α denotes all the other variables in the regression model and their coefficients, β is the coefficient 
of sev, estimated to be 0.18, and sev denotes the severity level (a number from 1 to 13).  Let x (< 13) 
denote the severity level of a pollution-related case of chronic bronchitis, and 13 denote the highest 
severity level (as described in Viscusi, et al., 1991).  Then 
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Because this function is non-linear, the expected value of WTP for a pollution-related case of CB cannot 
be obtained by using the expected values of the three uncertain inputs in the function (doing that will 
substantially understate mean WTP). 

 

E.3  Valuing Non-Fatal Myocardial Infarction 
 
We are not able to identify a suitable WTP value for reductions in the risk of non-fatal heart attacks.  
Instead, we have used a cost-of-illness unit value with two components: the direct medical costs and the 
opportunity cost (lost earnings) associated with the illness event.  Because the costs associated with a 
heart attack extend beyond the initial event itself, we considered costs incurred over several years.  For 
opportunity costs, we used values derived from Cropper and Krupnick(Cropper and Sussman, 1990), 
originally used in the 812 Retrospective Analysis of the Clean Air Act(U.S. EPA, 1997).  For the direct 
medical costs, we found three possible sources in the literature. 

Wittels et al. (1990) estimated expected total medical costs of myocardial infarction over five years to be 
$51,211 (in 1986$) for people who were admitted to the hospital and survived hospitalization.  (There 
does not appear to be any discounting used.)  Using the CPI-U for medical care, the Wittels et al. estimate 
is $109,474 in year 2000$.  This estimated cost is based on a medical cost model, which incorporated 
therapeutic options, projected outcomes and prices (using “knowledgeable cardiologists” as consultants).   

The model used medical data and medical decision algorithms to estimate the probabilities of certain 
events and/or medical procedures being used.  The authors noted that the average length of hospitalization 
for acute myocardial infarction has decreased over time (from an average of 12.9 days in 1980 to an 
average of 11 days in 1983).  Wittels et al. used 10 days as the average in their study.  It is unclear how 
much further the length of stay may have decreased from 1983 to the present.  The average length of stay 
for ICD code 410 (myocardial infarction) in 2000 is 5.5 days (AHRQ 2000). However, this may include 
patients who died in the hospital (not included among our non-fatal cases), whose length of stay was 
therefore substantially shorter than it would be if they hadn’t died. 

Eisenstein et al. (2001)estimated 10-year costs of $44,663, in 1997$, or $49,651 in 2000$ for myocardial 
infarction patients, using statistical prediction (regression) models to estimate inpatient costs.  Only 
inpatient costs (physician fees and hospital costs) were included. 

Russell et al. (1998)estimated first-year direct medical costs of treating nonfatal myocardial infarction of 
$15,540 (in 1995$), and $1,051 annually thereafter.  Converting to year 2000$, that would be $23,353 for 
a 5-year period (without discounting), or $29,568 for a ten-year period. 

As seen in Table 33, the three different studies provided significantly different values.  We have not 
adequately resolved the sources of differences in the estimates.  Because the wage-related opportunity 
cost estimates from Cropper and Krupnick (1990) cover a 5-year period, we used a simple average of the 
two estimates for medical costs that similarly cover a 5-year period, or $62,495.  We added this to the 5-
year opportunity cost estimate.  Table 34 gives the resulting estimates. 
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Table 33.  Summary of Studies Valuing Reduced Incidences of Myocardial Infarction 

Study Direct Medical Costs 
 (2000 $) a 

Over an x-year period, for x = 

(Wittels, et al., 1990) $109,474 5 

(Russell, et al., 1998) $22,331 5 

(Eisenstein, et al., 2001) $49,651 10 

(Russell, et al., 1998) $27,242 10 
a Wittels et al. did not appear to discount costs incurred in future years.  The values for the other two studies are 
based on a three percent discount rate. 

 

 

Table 34.  Estimated Costs Over a 5-Year Period of a Non-Fatal Myocardial Infarction 

Age Group Opportunity Cost  
(2000 $)  a 

Medical Cost 
(2000 $)  b 

Total Cost  
(2000 $) 

0 - 24 $0 $65,902 $65,902 

25-44 $8,774 $65,902 $74,676 

45 - 54 $12,932 $65,902 $78,834 

55 - 65 $74,746 $65,902 $140,649 

> 65 $0 $65,902 $65,902 
a From Cropper and Krupnick(1990).  Present discounted value of 5 yrs of lost earnings, at 3% discount rate, adjusted 
from 1977$ to 2000$ using CPI-U “all items”. 
b An average of the 5-year costs estimated by Wittels et al. (1990)and Russell et al.(1998).  Note that Wittels et al. 
appears not to have used discounting in deriving a 5-year cost of $109,474;  Russell et al. estimated first-year direct 
medical costs and annual costs thereafter.  The resulting 5-year cost is $22,331, using a 3% discount rate.  Medical 
costs were inflated to 2000$ using CPI-U for medical care. 
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E.4  Valuing Hospital Admissions 
 
Society’s WTP to avoid a hospital admission includes medical expenses, lost work productivity, the non-
market costs of treating illness (i.e., air, water and solid waste pollution from hospitals and the 
pharmaceutical industry), as well as WTP of the affected individual, as well as of that of relatives, friends, 
and associated caregivers, to avoid the pain and suffering.1 

Because medical expenditures are to a significant extent shared by society, via medical insurance, 
Medicare, etc., the medical expenditures actually incurred by the individual are likely to be less than the 
total medical cost to society.  The total value to society of an individual’s avoidance of hospital 
admission, then, might be thought of as having two components:  (1) the cost of illness (COI) to society, 
including the total medical costs plus the value of the lost productivity, as well as (2) the WTP of the 
individual, as well as that of others, to avoid the pain and suffering resulting from the illness. 

In the absence of estimates of social WTP to avoid hospital admissions for specific illnesses (components 
1 plus 2 above), estimates of total COI (component 1) are typically used as conservative (lower bound) 
estimates.  Because these estimates do not include the value of avoiding the pain and suffering resulting 
from the illness (component 2), they are biased downward.  Some analyses adjust COI estimates upward 
by multiplying by an estimate of the ratio of WTP to COI, to better approximate total WTP.  Other 
analyses have avoided making this adjustment because of the possibility of over-adjusting -- that is, 
possibly replacing a known downward bias with an upward bias.  The COI values used in this benefits 
analysis will not be adjusted to better reflect the total WTP. 

Following the method used in the §812 analysis(U.S. EPA, 1999), ICD-code-specific COI estimates used 
in our analysis consist of two components: estimated hospital charges and the estimated opportunity cost 
of time spent in the hospital (based on the average length of a hospital stay for the illness).  The 
opportunity cost of a day spent in the hospital is estimated as the value of the lost daily wage, regardless 
of whether or not the individual is in the workforce.  This was estimated as the county median weekly 
wage in 2000 divided by 5.25 

For all hospital admissions included in this analysis, estimates of hospital charges and lengths of hospital 
stays were based on statistics provided by the Agency for Healthcare Research and Quality’s Healthcare 
Utilization Project(2000).  The total COI for an ICD-code-specific hospital stay lasting n days, then, 
would be estimated as the mean hospital charge plus lost wages.  Most respiratory hospital admissions 
                                                      
1 Some people take action to avert the negative impacts of pollution.  While the costs of successful averting behavior 
should be added to the sum of the health-endpoint-specific costs when estimating the total costs of pollution, these costs 
are not associated with any single health endpoint   It is possible that in some cases the averting action was not successful, 
in which case it might be argued that the cost of the averting behavior should be added to the other costs listed (for 
example, it might be the case that an individual incurs the costs of averting behavior and in addition incurs the costs of the 
illness that the averting behavior was intended to avoid).  Because averting behavior is generally not taken to avoid a 
particular health problem (such as a hospital admission for respiratory illness), but instead is taken to avoid the entire 
collection of adverse effects of pollution, it does not seem reasonable to ascribe the entire costs of averting behavior to any 
single health endpoint.  However, omission of these averting behavior costs will tend to bias the estimates downward.      

25 The median daily wage was calculated by dividing the median weekly wage ($576 in 2000$) by 5.  The median 
daily wage was obtained from U.S. Census Bureau, Statistical Abstract of the United States: 2001, Section 12, 
Table 621: “Full-Time Wage and Salary Workers – Numbers and Earnings: 1985 to 2000.” 
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categories considered in epidemiological studies consisted of sets of ICD codes.  The unit dollar value for 
the set of ICD codes was estimated as the weighted average of the ICD-code-specific values (mean 
hospital charges plus opportunity costs, based on length of stay) of each ICD code in the set.  The weights 
were the relative frequencies of the ICD codes among hospital discharges in the United States, as 
estimated by the National Hospital Discharge Survey(Owings and Lawrence, 1999, Table 1).  Table 35 
shows the unit values thus derived for valuing respiratory and cardiovascular hospital admissions. 

Because of distortions in the market for medical services, the hospital charge may exceed “the cost of a 
hospital stay.”  We use the example of a hospital visit to illustrate the problem.  Suppose a patient is 
admitted to the hospital to be treated for an asthma episode.  The patient’s stay in the hospital (including 
the treatments received) costs the hospital a certain amount.  This is the hospital cost – i.e., the short-term 
expenditures of the hospital to provide the medical services that were provided to the patient during his 
hospital stay.  The hospital then charges the payer a certain amount – the hospital charge.  If the hospital 
wants to make a profit,  is trying to cover costs that are not associated with any one particular patient 
admission (e.g., uninsured patient services), and/or has capital expenses (building expansion or 
renovation) or other long term costs, it may charge an amount that exceeds the patient-specific short term 
costs of providing services.  The payer (e.g., the health maintenance organization or other health insurer) 
pays the hospital a certain amount – the payment – for the services provided to the patient.  The less 
incentive the payer has to keep costs down, the closer the payment will be to the charge.  If, however, the 
payer has an incentive to keep costs down, the payment may be substantially less than the charge; it may 
still, however, exceed the short-term cost for services to the individual patient. 

Although the hospital charge may exceed the short-term cost to the hospital of providing the medical 
services required during a patient’s hospital stay, cost of illness estimates based on hospital charges are 
still likely to understate the total social WTP to avoid the hospitalization in the first place, because the 
omitted WTP to avoid the pain and suffering is likely to be quite large.     
 

Table 35.  Unit Values for Respiratory and Cardiovascular Hospital Admissions 

Hospital Admission Category ICD-9 Codes Age Range Medical Cost  
(2000 $) 

Days COI a 
(2000 $) 

Pneumonia 480-487 65+ $17,030 7.07 $17,844 

COPD 490-492, 494-496 65+ $12,993 5.69 $13,648 

  20-64 $11,820 4.48 $11,820 

Asthma 493 <65 $7,448 2.95 $7,788 

All cardiovascular 390-429 65+ $20,607 5.07 $21,191 

  20-64 $22,300 4.15 $22,778 
a The unit value for a group of ICD-9 codes is the weighted average of ICD-9 code-specific values, from AHRQ(2000).  
The weights are the relative frequencies of hospital discharges for each ICD-9 code in the group (Owings and Lawrence, 
1999, Table 1).   Note that when estimating the cost of lost wages due to days in the hospital, we have used the national 
median for this table.  The actual calculation in COBRA uses each county’s median income. 
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E.5  Valuing Emergency Room Visits for Asthma 
 
To value asthma emergency room (ER) visits, we used a simple average of two estimates from the 
literature.  The first estimate comes from Smith et al.(1997), who reported that there were approximately 
1.2 million asthma-related ER visits made in 1987, at a total cost of $186.5 million, in 1987$.  The 
average cost per visit was therefore $155 in 1987$, or $311.55 in 2000 $ (using the CPI-U for medical 
care to adjust to 2000 $).  The second is from Stanford et al.(1999), who examined data from asthmatics 
from 1996-1997, and reported an average cost of $260.67.  We use a simple average of the two estimates, 
which yields a unit value of about $286. 
 
In comparing their study to Smith et al.(1997), Stanford et al. (1999) noted that the data used by Smith et 
al., “may not reflect changes in treatment patterns during the 1990s.” In addition, its costs are the costs to 
the hospital (or ER) for treating asthma rather than charges or payments by the patient and/or third party 
payer.  Costs to the ER are probably a better measure of the value of the medical resources used up on an 
asthma ER visit. 
 

E.6  Valuing Acute Symptoms and Illness Not Requiring 
Hospitalization  
 
Several acute symptoms and illnesses have been associated with air pollution, including acute bronchitis 
in children, upper and lower respiratory symptoms, and exacerbation of asthma (as indicated by one of 
several symptoms whose occurrence in an asthmatic generally suggests the onset of an asthma episode).  
In addition, several more general health endpoints which are associated with one or more of these acute 
symptoms and illnesses, such as minor restricted activity days and work loss days, have also been 
associated with air pollution. 

Valuing Acute Bronchitis in Children 
 
Estimating WTP to avoid a case of acute bronchitis is difficult for several reasons.  First, WTP to avoid 
acute bronchitis itself has not been estimated.  Estimation of WTP to avoid this health endpoint therefore 
must be based on estimates of WTP to avoid symptoms that occur with this illness.  Second, a case of 
acute bronchitis may last more than one day, whereas it is a day of avoided symptoms that is typically 
valued.  Finally, the C-R function used in the benefit analysis for acute bronchitis was estimated for 
children, whereas WTP estimates for those symptoms associated with acute bronchitis were obtained 
from adults. 

In previous benefits analyses, such as in the §812 Prospective analysis(U.S. EPA, 1999), acute bronchitis 
was valued at $59.31 (in 2000 $). This is the midpoint between a low estimate and a high estimate.  The 
low estimate is the sum of the midrange values recommended by IEc (1994) for two symptoms believed 
to be associated with acute bronchitis: coughing and chest tightness.  The high estimate was taken to be 
twice the value of a minor respiratory restricted activity day.  For a more complete description of the 
derivation of this estimate, see Abt Associates(2000, p. 4-30). 

A unit value of $59.31 assumes that an episode of acute bronchitis lasts only one day.  However, this is 
generally not the case.  More typically, it can last for 6 or 7 days.  We therefore made a simple 
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adjustment, multiplying the original unit value of $59.31 by 6.  The unit value thus derived and used was 
$356 (=$59.31 x 6).  

 

Valuing Upper Respiratory Symptoms (URS) in Children 
 
Willingness to pay to avoid a day of upper respiratory symptoms is based on symptom-specific WTPs to 
avoid those symptoms identified by Pope et al. (1991)as part of the complex of upper respiratory 
symptoms. Three contingent valuation studies have estimated WTP to avoid various morbidity symptoms 
that are either within the complex defined by Pope et al.(1991), or are similar to those symptoms.  In each 
CV study, participants were asked their WTP to avoid a day of each of several symptoms.  The WTP 
estimates corresponding to the morbidity symptoms valued in each study are presented in Table 36. 

The three individual symptoms listed in Table 36 that were identified as most closely matching those 
listed by Pope, et al. (1991)for upper respiratory symptoms are cough, head/sinus congestion, and eye 
irritation, corresponding to “wet cough,” “runny or stuffy nose,” and “burning, aching or red eyes,” 
respectively.  A day of upper respiratory symptoms could consist of any one of the seven possible 
“symptom complexes” consisting of at least one of these three symptoms.  These seven possible symptom 
complexes are presented in Table 37.  We assumed that each of these seven complexes is equally likely.1 
The point estimate of WTP is just an average of the seven estimates of WTP for the different complexes. 

 

                                                      
1 With empirical evidence, we could presumably improve the accuracy of the probabilities of occurrence of each type of 
URS.  Lacking empirical evidence, however, a uniform distribution seems the most reasonable “default” assumption. 
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Table 36.  Median WTP Estimates and Derived Midrange Estimates (2000 $) 

Symptom a Dickie et al. 
(1987) 

Tolley et al. 
(1986) 

Loehman et al. 
(1979) 

Mid-Range 
Estimate 

Throat congestion 4.97 21.54 - 13.18 

Head/sinus congestion 5.80 23.20 10.80 13.18 

Coughing 1.66 18.24 6.56 9.23 

Eye irritation - 20.70 - 20.70 

Headache 1.66 33.15 - 13.18 

Shortness of breath 0.00 - 13.92 6.58 

Pain upon deep inhalation 
(PDI) 

5.82 - - 5.82 

Wheeze 3.32 - - 3.32 

Coughing up phlegm 3.63 b - -  3.63  

Chest tightness 8.30 - - 8.30 
a All estimates are WTP to avoid one day of symptom.  Midrange estimates were derived by IEc (1993). 
b 10% trimmed mean. 

  

 
Table 37.  Estimates of WTP to Avoid Upper Respiratory Symptoms (2000 $) 

Symptom Combinations Identified as URS by Pope et al. 
(1991) 

WTP to Avoid 
Symptom(s) 

Coughing $9.23 

Head/Sinus Congestion $13.18 

Eye Irritation $20.70 

Coughing, Head/Sinus Congestion $22.40 

Coughing, Eye Irritation $29.93 

Head/Sinus Congestion, Eye Irritation $33.88 

Coughing, Head/Sinus Congestion, Eye Irritation $43.11 

 Average: $24.63  
 

 

Valuing Lower Respiratory Symptoms (LRS) in Children 
 
Schwartz et al. (1994, p. 1235)defined lower respiratory symptoms as at least two of the following 
symptoms: cough, chest pain, phlegm, and wheeze.  To value this combination of symptoms, we used the 
same method as we did for upper respiratory symptoms.  We chose those individual health effects that 
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seem most consistent with lower respiratory symptoms, we derived all of the possible combinations of 
these symptoms, and then we valued these combinations. 

The symptoms for which WTP estimates are available that reasonably match lower respiratory symptoms 
are: cough (C), chest tightness (CT), coughing up phlegm (CP), and wheeze (W).   A day of lower 
respiratory symptoms could consist of any one of the 11 combinations of at least two of these four 
symptoms.1  We assumed that each of the eleven types of lower respiratory symptoms is equally likely,2 
and the mean WTP is the average of the WTPs over all combinations.  Table 38 presents resulting 
estimate. 

Note that the WTP estimates are based on studies which considered the value of a day of avoided 
symptoms, whereas the Schwartz et al. study used as its measure a case of LRS.  Because a case of LRS 
usually lasts at least one day, and often more, our estimate is a conservative one. 

 

Table 38.  Estimates of WTP to Avoid Lower Respiratory Symptoms (2000 $) 

Symptom Combinations Identified as LRS by Schwartz et al. 
(1994, p. 1235) 

WTP to Avoid 
Symptoms 

Coughing, Chest Tightness $17.52 

Coughing, Coughing Up Phlegm $12.84 

Coughing, Wheeze $12.54 

Chest Tightness, Coughing Up Phlegm $11.92 

Chest Tightness, Wheeze $11.62 

Coughing Up Phlegm, Wheeze $6.95 

Coughing, Chest Tightness, Coughing Up Phlegm $21.15 

Coughing, Chest Tightness, Wheeze $20.85 

Coughing, Coughing Up Phlegm, Wheeze $16.17 

Chest Tightness, Coughing Up Phlegm, Wheeze $15.25 

Coughing, Chest Tightness, Coughing Up Phlegm, Wheeze $24.47 

 Average: $15.57 
 

                                                      
1 Because cough is a symptom in some of the upper respiratory symptom clusters as well as some of the lower respiratory 
symptom clusters, there is the possibility of a very small amount of double counting – if the same individual were to have 
an occurrence of upper respiratory symptoms which included cough and an occurrence of lower respiratory symptoms 
which included cough both on exactly the same day.  Because this is probably a very small probability occurrence, the 
degree of double counting is likely to be very minor.  Moreover, because upper respiratory symptoms is applied only to 
asthmatics ages 9-11 (a very small population), the amount of potential double counting should be truly negligible. 

2 As with URS, if we had empirical evidence we could improve the accuracy of the probabilities of occurrence of each 
type of LRS.  Lacking empirical evidence, however, a uniform distribution seems the most reasonable “default” 
assumption. 
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Valuing Work Loss Days (WLDs) 
 
Willingness to pay to avoid the loss of one day of work was estimated by dividing county-specific median 
annual wages (GeoLytics Inc., 2002a) by 50 (assuming 2 weeks of vacation) and then by 5, to get county-
specific median daily wages.  Valuing the loss of a day’s work at the wages lost is consistent with 
economic theory, which assumes that an individual is paid exactly the value of his labor. 

The use of the median rather than the mean, however, requires some comment.  If all individuals in 
society were equally likely to be affected by air pollution to the extent that they lose a day of work 
because of it, then the appropriate measure of the value of a work loss day would be the mean daily wage.  
It is highly likely, however, that the loss of work days due to pollution exposure does not occur with equal 
probability among all individuals, but instead is more likely to occur among lower income individuals 
than among high income individuals.  It is probable, for example, that individuals who are vulnerable 
enough to the negative effects of air pollution to lose a day of work as a result of exposure tend to be 
those with generally poorer health care. Individuals with poorer health care have, on average, lower 
incomes. 

To estimate the average lost wages of individuals who lose a day of work because of exposure to PM 
pollution, then, would require a weighted average of all daily wages, with higher weights on the low end 
of the wage scale and lower weights on the high end of the wage scale.  Because the appropriate weights 
are not known, however, the median wage was used rather than the mean wage.  The  median is more 
likely to approximate the correct value than the mean because means are highly susceptible to the 
influence of large values in the tail of a distribution (in this case, the small percentage of very large 
incomes in the United States), whereas the median is not susceptible to these large values. 

 

Valuing Minor Restricted Activity Days (MRADs) 
 
No studies are reported to have estimated WTP to avoid a minor restricted activity day (MRAD). 
However, IEc (1993) has derived an estimate of WTP to avoid a minor respiratory restricted activity day 
(MRRAD), using WTP estimates from Tolley et al. (1986)for avoiding a three-symptom combination of 
coughing, throat congestion, and sinusitis.  This estimate of WTP to avoid a MRRAD, so defined, is 
$38.37 (1990 $), or after adjusting for inflation $50.55 (2000 $).   Although Ostro and Rothschild (1989) 
estimated the relationship between PM2.5 and MRADs, rather than MRRADs (a component of MRADs), 
it is likely that most of the MRADs associated with exposure to PM2.5 are in fact MRRADs.  For the 
purpose of valuing this health endpoint, then, we assumed that MRADs associated with PM exposure may 
be more specifically defined as MRRADs, and therefore used the estimate of mean WTP to avoid a 
MRRAD. 
 
Any estimate of mean WTP to avoid a MRRAD (or any other type of restricted activity day other than 
WLD) will be somewhat arbitrary because the endpoint itself is not precisely defined.  Many different 
combinations of symptoms could presumably result in some minor or less minor restriction in activity.  
Krupnick and Kopp (1988) argued that mild symptoms will not be sufficient to result in a MRRAD, so 
that WTP to avoid a MRRAD should exceed WTP to avoid any single mild symptom.  A single severe 
symptom or a combination of symptoms could, however, be sufficient to restrict activity.  Therefore WTP 
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to avoid a MRRAD should, these authors argue, not necessarily exceed WTP to avoid a single severe 
symptom or a combination of symptoms.  The “severity” of a symptom, however, is similarly not 
precisely defined; moreover, one level of severity of a symptom could induce restriction of activity for 
one individual while not doing so for another.  The same is true for any particular combination of 
symptoms. 
 

Valuing Asthma Exacerbations 
 
Asthma exacerbations are valued at $42 per incidence, based on the mean of average WTP estimates for 
the four severity definitions of a “bad asthma day,” described in Rowe and Chestnut(1986). This study 
surveyed asthmatics to estimate WTP for avoidance of a “bad asthma day,” as defined by the subjects. 
For purposes of valuation, an asthma attack is assumed to be equivalent to a day in which asthma is 
moderate or worse as reported in the Rowe and Chestnut study. 
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Appendix F:  Detailed Results 
 
 
This appendix presents the mean, 5th percentile, and 95th percentile results averaged over five years for 
both the “modified” and “low sulfur” emission inventories (see Table 39 and Table 40).  We also present 
the estimated number of cases of adverse health effects and the associated estimated health impacts for 
each of the five years of meteorological data (see Table 41 and Table 42).  Note that the estimates 
presented here do not take into account any impact of secondary PM2.5. 
 
We present two separate estimates of adult mortality.  One is based on Pope et al (2002) and the other is 
based on Laden et al (2006).  To each of the adult mortality estimates we add an estimate of infant 
mortality, though we note that the estimated number of cases of infant mortality is very small relative to 
adult mortality, comprising less than one percent of the combined infant plus adult mortality estimate. 
 
Finally, we present a series of maps identifying the risk associated with lung cancer and acute myocardial 
infarctions (heart attacks).  The lung cancer estimate is based on lifetime exposure and the unit risk 
estimate from the California Air Resources Board.26  The heart attack estimate is based on the health 
impact function described in Appendix B and a population-weighted baseline heart attack rate.27 
 

                                                      
26 Details on the unit risk estimate can be found here: 

http://www.catf.us/projects/diesel/dieselhealth/faq.php?site=0#calculated.  
27 The heart attack rate is available for ages 18-24, 25-34, 35-44, 45-54, 55-64, 65-74, 75-84, and 85+.  To get a 

baseline incidence rate for ages 18-64, we used the year 2000 county population in Charleston, SC and 
calculated a population-weighted average.  We used a similar approach to get a baseline incidence rate for ages 
65+. 
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Table 39.  Health Costs due to Proposed CNC Terminal – Modified Inventory 

 Incidence (cases / year) Monetary Costs (2006 $) 
Effect 5th Mean 95th 5th Mean 95th 
Adult (Pope et al, 2002) + 
Infant Mortality 0.3 0.8 1.3 $2,800,000 $5,900,000 $12,000,000 
Adult (Laden et al, 2002) + 
Infant Mortality 1.1 2.1 3.1 $8,200,000 $15,000,000 $29,000,000 
Chronic Bronchitis 0.1 0.5 0.8 $17,000 $230,000 $760,000 
Non-fatal Heart Attacks 0.4 1.2 2.0 $27,000 $120,000 $290,000 
CDV Hosp. Adm. 0.1 0.5 0.9 $8,100 $13,000 $18,000 
Resp. Hosp. Adm. 0.1 0.3 0.8 $1,300 $2,700 $4,000 
Asthma ER Visits 0.4 0.8 1.1 $150 $280 $410 
Acute Bronchitis 0.0 1.1 2.2 -$16 $490 $1,200 
Upper Resp. Symptoms 3.1 9.8 16.5 $86 $300 $670 
Lower Resp. Symptoms 6.2 13.0 19.7 $100 $250 $470 
Asthma Exacerbations 1.4 13.4 37.1 $76 $720 $2,000 
Work Loss Days 75.5 86.6 97.8 $9,800 $11,000 $13,000 
MRAD 433.9 513.7 593.5 $19,000 $33,000 $47,000 
Total (based on Pope) -- -- --  $6,300,000  
Total (based on Laden) -- -- --  $15,400,000  
Note:  Results based on an average of results from each meteorological year (1987-1991). 

 
 

Table 40.  Health Costs due to Proposed CNC Terminal – Modified with Low Sulfur Inventory 

 Incidence (cases / year) Monetary Costs (2006 $) 
Effect 5th Mean 95th 5th Mean 95th 
Adult (Pope et al, 2002) + 
Infant Mortality 0.1 0.4 0.6 $1,200,000 $2,600,000 $5,300,000 
Adult (Laden et al, 2002) 
+ Infant Mortality 0.5 0.9 1.4 $3,700,000 $6,700,000 $13,000,000 
Chronic Bronchitis 0.0 0.2 0.4 $7,600 $100,000 $340,000 
Non-fatal Heart Attacks 0.2 0.5 0.9 $12,000 $56,000 $130,000 
CDV Hosp. Adm. 0.0 0.2 0.4 $3,600 $5,700 $7,800 
Resp. Hosp. Adm. 0.0 0.1 0.4 $600 $1,200 $1,800 
Asthma ER Visits 0.2 0.3 0.5 $68 $120 $180 
Acute Bronchitis 0.0 0.5 1.0 -$7 $220 $540 
Upper Resp. Symptoms 1.4 4.4 7.4 $38 $140 $300 
Lower Resp. Symptoms 2.8 5.8 8.8 $44 $110 $210 
Asthma Exacerbations 0.6 6.0 16.6 $34 $320 $910 
Work Loss Days 33.9 38.9 43.9 $4,400 $5,100 $5,700 
MRAD 194.7 230.5 266.3 $8,500 $15,000 $21,000 
Total (based on Pope) -- -- --  $2,800,000  
Total (based on Laden) -- -- --  $6,900,000  
Note:  Results based on an average of results from each meteorological year (1987-1991). 
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Table 41.  Mean Estimated Adverse Health Impacts due to Proposed CNC Terminal by 
Meteorological Year – Modified Inventory 

Effect 1987 1988 1989 1990 1991 Average 
Adult (Pope et al, 2002) + 
Infant Mortality 0.8 0.9 0.8 0.8 0.8 0.8 
Adult (Laden et al, 2002) + 
Infant Mortality 2.1 2.2 2.1 2.0 2.1 2.1 
Chronic Bronchitis 0.5 0.5 0.5 0.4 0.4 0.5 
Non-fatal Heart Attacks 1.2 1.3 1.2 1.2 1.2 1.2 
CDV Hosp. Adm. 0.5 0.5 0.5 0.5 0.5 0.5 
Resp. Hosp. Adm. 0.3 0.3 0.3 0.3 0.3 0.3 
Asthma ER Visits 0.7 0.8 0.8 0.7 0.7 0.8 
Acute Bronchitis 1.1 1.1 1.1 1.1 1.0 1.1 
Upper Resp. Symptoms 9.7 10.2 10.0 9.5 9.4 9.8 
Lower Resp. Symptoms 12.9 13.5 13.2 12.6 12.4 12.9 
Asthma Exacerbations 13.3 13.9 13.6 13.0 12.9 13.3 
Work Loss Days 85.9 90.0 87.8 83.8 83.3 86.2 
MRAD 509.5 533.7 521.0 497.0 494.7 511.2 

 
 

Table 42.  Mean Estimated Adverse Health Impacts due to Proposed CNC Terminal by 
Meteorological Year – Modified with Low Sulfur Inventory 

Effect 1987 1988 1989 1990 1991 Average 
Adult (Pope et al, 2002) + 
Infant Mortality 0.4 0.4 0.4 0.4 0.4 0.4 
Adult (Laden et al, 2002) + 
Infant Mortality 1.0 1.0 0.9 0.9 0.9 0.9 
Chronic Bronchitis 0.2 0.2 0.2 0.2 0.2 0.2 
Non-fatal Heart Attacks 0.6 0.6 0.5 0.5 0.5 0.5 
CDV Hosp. Adm. 0.2 0.2 0.2 0.2 0.2 0.2 
Resp. Hosp. Adm. 0.1 0.1 0.1 0.1 0.1 0.1 
Asthma ER Visits 0.3 0.3 0.3 0.3 0.3 0.3 
Acute Bronchitis 0.5 0.5 0.5 0.5 0.5 0.5 
Upper Resp. Symptoms 4.4 4.5 4.4 4.3 4.2 4.3 
Lower Resp. Symptoms 5.8 6.0 5.8 5.7 5.5 5.8 
Asthma Exacerbations 6.0 6.2 6.0 5.9 5.7 6.0 
Work Loss Days 39.2 40.2 39.0 38.0 37.1 38.7 
MRAD 232.1 237.7 230.9 224.9 220.0 229.1 
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Figure 7.  Lung Cancer Risk Due to Lifetime Exposure (cases per million people) – Modified 
Inventory 
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Figure 8.  Heart Attack Risk for Ages 18-64 in 2025 (cases per million people) – Modified Inventory 
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Figure 9.  Heart Attack Risk for Ages 65+ in 2025 (cases per million people) – Modified Inventory 
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Figure 10.  Lung Cancer Risk Due to Lifetime Exposure (cases per million people) – Modified with 
Low Sulfur Inventory 
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Figure 11.  Heart Attack Risk for Ages 18-64 in 2025 (cases per million people) – Modified with 
Low Sulfur Inventory 
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Figure 12.  Heart Attack Risk for Ages 65+ in 2025 (cases per million people) – Modified with Low 
Sulfur Inventory 
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