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HIGHLIGHTS GRAPHICAL ABSTRACT

e Accuracy of respiratory-cardiovascular
case-control evaluated in AOD-PM,s

e OR method overestimated true positive
cases and correctly detected true nega-
tive controls.

e The New Beta algorithm accurately
detected true positive cases and true
negative controls.

e The new method confirmed the correct
classification cases and controls in
urban and rural areas.

study. New Method Utilizes |

Sensitivity, Specificty and
Predictive Values

13 Algorithm More Accurate |
and Informative than OR
Method

Sensitivity (S*) and Specificity (S)
from ORs

Predictive Value Positive (P*) and
Negative (P) from SAS Proc PHREG
Beta's (13's)
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all hospital events, fused surfaces
and grid conditions
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ARTICLE INFO ABSTRACT

Epidemiologic studies have used aerosol optical depth (AOD)-PM, 5 as a proxy for ambient PMy 5 in urban and
rural areas, even though its validation with air monitors has only occurred in urban areas. The contribution of
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elevated AOD-PM; 5 on respiratory-cardiovascular true positive (TP) cases, exposed to high PMy s, and true
negative (TN) controls, not exposed to elevated PMy 5, was evaluated in 72 Community Multiscale Air Quality
(CMAQ) grids with (urban) and without (rural) air monitors. The odds ratio (OR) algorithm and the newly
developed beta (f3) algorithm were used to evaluate the reliability and validity of TP cases, and TN controls in

grids with and without air monitors. Four experimental AOD-PM;, 5 fused surfaces and four health outcomes were
evaluated. Only the linear predictor (f3) algorithm reliably and correctly identified TP cases and TN controls,
with probabilities ~1.00. The OR algorithm only identified TN controls, with probabilities ~1.00, and signifi-
cantly overestimated the percentage of TP cases. Regression analyses demonstrated that the OR algorithm’s
accuracy could be improved if the number of cases for all health outcomes was increased 50.8% in all grids and
73.9% in grids without monitors. Since the number and percentage of TP cases and TN controls were similar in
grids with and without air monitors, this outcome suggests that the AOD-PMys and health outcome
concentration-response function evaluated in grids with monitors also holds in grids without air monitors. The
possible use of AOD-PM, 5 fused surfaces, as another epidemiologic tool, to assess elevated ambient PMjy s
concentration levels to respiratory-cardiovascular hospital events in rural areas is discussed.

1. Introduction

Published studies have found robust correlations, or other statistical
measures of association, between variations in aerosol optical depth
(AOD) unitless values and similar changes in ambient PM < 2.5 (PMj 5)
monitor concentration levels in urban areas where, in the United States,
there are on-the-ground ambient air monitors (Belle and Liu, 2016;
Chang et al., 2014; Christopher and Gupta, 2020; Chu et al., 2016; Di
et al., 2019; Engel-Cox et al., 2004; Fu et al., 2020; Geng et al., 2018;
Guo et al., 2009; Hu, 2009; Hu et al., 2014; Jin et al., 2020; Kloog et al.,
2012b, 2014a; Kumar et al., 2007; Lee et al., 2012; Lee et al., 2016a; Li
et al., 2015; Liu et al., 2005; Ma et al., 2016; van Donkelaar et al., 2010,
2015; Vu et al., 2019; Wang and Chen, 2016; Weber et al., 2010; Xie
et al., 2019; Xue et al., 2017; Yanosky et al., 2014; Zhang et al., 2009).
Satellite AOD and monitor PM; 5 validation studies have been rarely
undertaken in rural areas because of the absence of air monitors (Bell
and Ebisu, 2012; Fu et al., 2020; Geng et al., 2018; Hu et al., 2014; Lee
et al., 2016a, 2016b).

Another research direction is the evaluation of the contribution of
AOD-PM, 5 concentration levels for selected health outcomes, such as
respiratory-cardiovascular emergency department (ED) visits, inpatient
(IP) hospitalizations, and mortality (Cordova et al., 2020; Hu, 2009; Hu
and Rao, 2009; Khalili et al., 2018; Kloog et al., 2012a, 2014b; Kumar
et al., 2013; Lee et al., 2016b; Liu et al., 2016; Madrigano et al., 2013;
McGuinn et al., 2016; Prud’homme et al., 2013; Strickland et al., 2016;
Tapia et al., 2020; Tétreault et al., 2016). AOD-PMys and health
outcome studies have found significant odds ratios (ORs), thereby sug-
gesting that these proxies for elevated ambient PM, 5 values contribute
to the subsequent occurrence of adverse health outcomes. Results from
ambient PMj 5 monitor studies and respiratory-cardiovascular health
outcomes are in agreement with the results from AOD-PM,s and
respiratory-cardiovascular health outcomes, including mortality
(Amsalu et al., 2019; Argacha et al., 2016; Babin et al., 2008; Brook and
Kousha, 2015; Chen et al., 2016; Cheng et al., 2014; Dai et al., 2018;
Garcia et al., 2019; Gehring et al., 2015; Gong et al., 2019; Kim et al.,
2017; Ma et al., 2019; Norris et al., 1999; Peters et al., 2001; Qui et al.,
2013; Rodopoulou et al., 2015; Szyszkowicz et al., 2018; Tsai et al.,
2013; Wang et al., 2017, 2019; Wu et al., 2019; Xia and Yao, 2019; Yu
et al., 2018, 2020). These studies included a mixture of urban and rural
areas combined into one large study site. Results for urban areas may
resemble similar outcomes for rural areas (Lee et al., 2016a; 2016b;
Prud’homme et al., 2013). Taken together, these different sources of
evidence support, in general, the premise that the AOD-PM; 5 associa-
tion that was only confirmed in urban areas with monitors, could also
describe the same relationship in rural areas, even in the absence of air
monitor validation studies (Fu et al., 2020; Han et al., 2020; Lee et al.,
2016a, 2016b; Prud’homme et al., 2013; Sorek-Hamer et al., 2016).

This study took a different approach to the validation of the rela-
tionship between AOD-PM; 5 and selected health outcomes by utilizing
an analysis of true positive (TP) cases, and true negative (TN) controls

(Agresti, 2002; Altman and Bland, 1994a, 1994b; Armitage et al., 2002;
German, 2000; Hennekens and Buring, 1987; Hughes, 2017; Kumar,
2016; Last, 1995). Patients exposed to elevated AOD-PM; 5 concentra-
tion levels and who demonstrate a chronic disease (Dx) are identified as
TP cases. In contrast, matched patients not exposed to high AOD-PM, 5
concentration levels and do not show a Dx are referred to as TN controls.

The first study objective was to utilize the currently available OR
algorithm and the newly developed (3 algorithm to detect TP cases and
TN controls in grids with air monitors, in grids without air monitors, and
in all grids. Medical epidemiologists have used sensitivity (S*)/predic-
tive value positive (P™) probabilities to evaluate the reliability and ac-
curacy of TP cases, and specificity (S™)/predictive value negative (P™)
probabilities to assess the reliability and validity of TN controls (Agresti,
2002; Altman and Bland, 1994a, 1994b; Armitage et al., 2002; German,
2000; Hennekens and Buring, 1987; Hughes, 2017; Kelsey et al., 1996;
Kumar, 2016; Last, 1995; Schlesselman, 1982). However, up to now,
S*/S™ and P*/P~ probability analyses have not been used to validate TP
cases and TN controls in environmental epidemiologic studies such as
this one, which evaluated the effects of elevated AOD-PM, 5 concen-
tration levels on respiratory-cardiovascular chronic disease ED visits and
IP hospitalizations (Braggio et al., 2020).

The second objective was to utilize the results for TP cases, and TN
controls in grids with and without air monitors to evaluate the
assumption about the concentration-response function between AOD-
PM, 5 and selected respiratory-cardiovascular ED visits and IP hospi-
talizations developed in grids with monitors is also applicable in grids
without air monitors. Confirmatory evidence would be similar in the
number and percentage of TP cases and TN controls in grids with and in
grids without air monitors. This outcome, if it does occur, would provide
additional support for the currently held position that it is possible to
utilize AOD-PMj 5 fused surfaces in rural areas to more fully evaluate the
occurrence of respiratory-cardiovascular hospital events that result from
exposure to elevated ambient PMy 5 concentration levels (Lee et al.,
2016a, 2016b; Prud’homme et al., 2013; Sorek-Hamer et al., 2016).

2. Materials and Methods

The recently published Braggio and associates (2020) study
described the methods used to compile and analyze the four concate-
nated AOD-PM,, 5 fused surfaces and respiratory-cardiovascular hospital
event files, one each for ED asthma visits, and IP asthma, myocardial
infarction (MI), and heart failure (HF) hospitalizations. This section will
include additional information relevant to how the OR case and Beta ((3)
case groups were formed and how the S*/S™ and P*/P~ probability
analyses were undertaken. Other issues in the Braggio and associates
(2020) Baltimore study area publication and the Weber et al. (2016)
New York City study area paper will only appear in summary. However,
the issues are essential to the understanding of the objectives and out-
comes of this study. The Maryland Department Health MDH (2021)
Institutional Review Board and the Maryland Health Services Cost
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Review Commission (HSCRC, 2020) approved this study.
2.1. Baltimore study area

The Baltimore study area is shown in the Maryland choropleth map,
Fig. 1, below,

consisted of 99 12 km? Community Multiscale Air Quality (CMAQ)
grids (EPA, 2020a). However, with available health data, the study area
was limited to 72 of the 99 grids. The excluded grids did not include
out-of-state areas and some Maryland counties: 12 grids in the neigh-
boring State of Pennsylvania; 7 in the District of Columbia and Virginia;
and 8 over water in the Chesapeake Bay. The Baltimore study area
included Baltimore City and 13 Maryland Counties: Anne Arundel,
Baltimore, Calvert, Carroll, Cecil, Frederick, Harford, Howard, Kent,
Montgomery, Prince George’s, Queen Anne’s, and Talbot. Total resi-
dents in these 14 jurisdictions represented 87.1% (5,026,895) of the
State’s 2010 population (5,773,552). The 17 Federal Reference Method
ambient PMs 5 air monitors are displayed as red hue triangles in Fig. 1.
The six jurisdictions with on-the-ground ambient fine PM air monitors
(Anne Arundel (4 monitors), Baltimore (2), Baltimore City (6), Harford
(1), Montgomery (1), Prince George’s (3)) had 80.4% (4,043,669) of the
population in Baltimore study area. In contrast, the 8 Counties without
air monitors only included 19.6% (983,226) of the population. The
counties shown in pale yellow hue provided the 2004-2006 ED visits
and IP hospitalizations obtained from the Maryland HSCRC (2020). The
green circles represent the centroids for the 99 CMAQ 12 km? grids
(1-11 rows, south to north, and 1-9 columns, west to east) for Maryland,
Pennsylvania, Virginia, and Washington, DC.

2.2. Study flow chart

It was necessary to complete a multi-step data analysis protocol to
quantify TP cases and TN controls for the baseline and the four AOD-
PM, 5 surfaces. Fig. 2 displays the data formatting and data analysis
steps. These data analysis steps included the linking of each of the five
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exposure surfaces with the four health outcome files (1), using the case-
crossover design to analyze the 20 different linked exposure-health data
files (2), completing 60 conditional logistic regression runs for all grids
(20), grids with (20) and grids without (20) ambient air monitors (3),
inspecting the statistical analyses from the conditional logistic regres-
sion (CLR) runs (4) and computing TP cases and TN controls for the OR
and (3 algorithms for all for the entire Baltimore study area and in urban
grids with ambient air monitors and in rural grids without ambient air
monitors (5). Each of the five flow chart steps also identified specific
sections in the Materials and Methods section of this paper that provided
more detailed information about each data analysis procedure.

2.3. AOD-PM; 5 and PMB fused surfaces

Bayesian statistical methods were utilized to combine the different
input surfaces to produce the four experimental AOD-PMj 5 fused sur-
faces and the currently used baseline (PMB) fused surface (Braggio et al.,
2020; Foley et al., 2010; Hall, 2018; McMillan et al., 2010; Weber et al.,
2010, 2016). Forming the five fused surfaces was accomplished by first
updating a previously developed hierarchical Bayesian model (HBM)
that could only combine two fused surfaces to accept three input sur-
faces, with either complete or missing observations.

The four AOD-PMj; 5 fused surfaces utilized daily AOD readings that
came from two satellites’ recording columns. The columns extended
from the satellites’ location in outer space to the surface of the earth
(Braggio et al., 2020; Weber et al., 2016). The Aqua satellite made AOD
readings in the morning. The Terra satellite made AOD readings in the
afternoon. Because of cloud cover interference and possible AOD
recording failures, the raw AOD data files had missing observations.
Missing AOD readings were minimized by using duplicate daily AOD
readings from the two satellites. When both satellites had missing AOD
readings on the same day, the combined AOD output file also had
missing data.

We utilized the updated HBM to generate the four experimental
AOD-PM, 5, and PMB fused surfaces (Braggio et al., 2020; Foley et al.,
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Fig. 1. Maryland choropleth map showing the Baltimore study area.
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Files Linked to CMAQ Grids: Exposures (PMC,
PMCK, PMCQ, PMCKQ, and PMB) and 4 Health
Outcomes (ED Asthma, and IP Asthma, MI and HF)!-3

Case-Crossover Design: 1 Case and 3 Controls per
Strata*

60 CLR Runs: 20 Each in All Grids, Grids With and

Without Air Monitors®

CLR Measures: OR (95% CI), p's, and AOR%’
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Fig. 2. Flow chart shows the data compilation and
analysis steps that were followed to link the expo-
sure and the health outcome files, complete condi-
tional logistic regression (CLR) runs, and determine
True Positive (TP) cases and True Negative (TN)
controls for the OR and the newly developed (3 al-
gorithms. Additional information for each of the 5
steps is given in these Materials and Methods sec-
tions: 'AOD-PM, 5 and PMB fused surfaces (2.3),
2ED visits and IP hospitalizations (2.4), SFile Link-
age (2.6), “Case-crossover analyses (2.7), °CLR runs
(2.8), and STP cases and TN controls for the OR (S*/
S7) and B (P"/P") algorithms (OR and (3 algo-
rithms, 2.9; S*/S™ and P*/P~ probability analyses,
2.10).

TP Cases and TN Controls: OR (S*/S-Probabilities) n
and (3 (P*/P- Probabilities) Group Algorithms>

2010; Hall, 2018; McMillan et al., 2010; Weber et al., 2010, 2016).
Ordinary Kriging was used to eliminate missing AOD daily observations
in the combined AOD file (Braggio et al., 2020; Weber et al., 2016).
Then, the AOD readings were converted to PM; 5 concentration levels by
applying a previously developed algorithm (Braggio et al., 2020; Weber
et al., 2010, 2016).

Each experimental AOD-PM; 5 and PMB fused surface was formed by
combing ambient PM; 5 air monitor readings (EPA, 2020a), AOD-PM3 5
concentration level files that had (not-Kriged) or did not have (Kriged)
missing AOD-PM, 5 calibrated readings, with or without CMAQ version
4.7 PM, 5 model predictions (EPA, 2020b; Foley et al., 2010). By using
pre-established combinations of these four PMy 5 input files, it was
possible to produce four different AOD-PM, 5 fused surfaces and also to
update the previously developed PMB: 1) The first AOD-PM; 5 fused
surface, which was named PMC, included ambient PM, 5 air monitor
readings with the not-Kriged AOD-PMy 5 values (i.e., this output file
contained missing AOD-PM; 5 readings); 2) PMCK included ambient
PM; 5 air monitor readings with the AOD-PM,, 5 Kriged surface values (i.
e., this output file had no missing AOD-PM, 5 readings). The other two
fused surfaces had CMAQ PM;s model predictions: 3) PMCQ was
formed by combing ambient PM; 5 air monitor readings, PMC readings
(not-Kriged), and CMAQ PMjy 5 model predictions; and 4) PMCKQ
included ambient PM; 5 air monitor readings, PMCK (Kriged) and CMAQ
PM, 5 model predictions. 5) PMB was updated for the Baltimore study
area (Braggio et al., 2020). PMB included ambient PM; 5 air monitor
readings with CMAQ PM; s model predictions. PMB did not include
AOD-PM, 5 observations. The HBM gave more weight to ambient PMj 5
monitor readings in CMAQ grids with at least one ambient air monitor
for the PMB fused surface. In CMAQ grids without a single air monitor,
the HBM gave more weight to the CMAQ PM; 5 model predictions over
the PM3 5 monitor readings.

2.4. ED visits and IP hospitalizations

The 2004-2006 HSCRC electronic patient records for the four
respiratory-cardiovascular chronic diseases were selected from the
ambulatory (ED visits) and IP files by using the International Classifi-
cation of Diseases, 9th revision, Clinical Modification (ICD-9-CM) codes
(CDC, 2020) in the primary diagnosis field: asthma (493), MI (410), and
HF (428). In addition, co-morbid conditions were also identified by
using the ICD-9-CM codes entered in the secondary diagnosis fields:
diabetes mellitus (250), hypertension (401), and atherosclerosis (414,
440).

2.5. Confounders

Variables included in the CLR runs were previously shown to influ-
ence respiratory-cardiovascular chronic disease ED visits and IP hospi-
talizations independently. Pollen readings were obtained from the single
pollen counting station in Baltimore County, Maryland (Braggio et al.,
2012, 2020). Pollen readings were available during the annual pollen
season, which started in March and ended in October. Federal holidays
(and the day after; OPM, 2020) and snowstorms (NCEI, 2020) were
entered as dummy variables (0 = No, 1 = Yes). Apparent temperature
(AT) and AT? were used to control for the effects of experienced ambient
temperature, as influenced by relative humidity and wind speed. These
weather data were obtained from the CMAQ version 4.7 model (EPA,
2020a) and made available to the Baltimore investigators by a co-author
(ESH). AT was computed using the formula reported on the National
Oceanic and Atmospheric Administration website (Braggio et al., 2020;
Haley et al., 2009; NOAA, 2020; Rothfusz, 2020; Weber et al., 2016).

2.6. File linkage

We utilized a geographic information system (GIS) to develop a
spatial polygon correspondence file that assigned each zone improve-
ment plan (ZIP) code polygon, with its associated respiratory-
cardiovascular chronic disease ED visit or IP hospitalization record, to
one 12 km? CMAQ grid (Braggio et al., 2014; ESRI, 2020). ZIP code
latitude-longitude coordinates were entered in the GIS, including the 11
south-north by 9 west-east CMAQ 12 km? grid overlay for the Baltimore
study area. Next, the ZIP code latitude-longitude coordinates for each
polygon were mapped to one CMAQ 12 km? grid (MDP, 2020). This 1:1
mapping necessitated selecting only one CMAQ grid that contained the
ZIP code’s coordinates within the grid’s boundaries. The identified
unique CMAQ grid coordinate ID was subsequently associated with the
ZIP code ID in the correspondence file (Braggio et al., 2014, 2020). This
step was repeated for each State’s 489 ZIP codes and separately for each
of the three years, 2004-2006. After completing this step, the three files,
one for each year, were merged into a single multi-year 2004-2006 file.
This exact procedure was implemented to identify a single CMAQ grid ID
for each ZIP code tabulation area (ZCTA) polygon. These ZCTA polygons
included demographic information about population density and
poverty (USCB, 2020). File linkage of the various health outcome (ZIP
codes) and demographic (ZCTAs) data files was accomplished by
merging all data files on the CMAQ grid identifiers for the spatial loca-
tion variable (1-11 rows, 1-9 columns) and years (2004-2006) for the
temporal variable by using Base SAS (SAS, 2017). The files were first
linked for each of the three years separately and then combined into one
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three-year file. This exact procedure was followed for each of the four
health outcome files.

2.7. Case-crossover analyses

Braggio and associates (2020) described how the case-crossover
design was used to analyze the contribution of the four experimental
AOD-PM,s and PMB fused surfaces to the four respiratory-
cardiovascular hospital events (ED asthma, and IP asthma, MI, and HF
hospitalizations on lag day 0. The case-crossover design first described
by Maclure (1991) was implemented in the Braggio and associates
(2020) study that included the four AOD-PM; 5 and PMB fused surfaces
linked to the four hospital events. The patient cases were also utilized to
form the three controls (Stokes et al., 2012). For the cases, the quarterly
AOD-PM, 5 exposure window for all five fused surfaces was congruent
with the hospital event data. For the three controls, a different quarterly
AOD-PM, 5 exposure interval was selected. One case and three controls
were assigned to each stratum. The observation unit was the stratum and
not the individual cases and controls. For all strata included in the CLR
runs, the temporal order of the different exposure windows for the
controls either preceded or followed the temporal order of the cases. For
this reason, the type of case-crossover design used in the Braggio, and
associates (2020) publication was a bi-direction lag day case-crossover
design (Carracedo-Martinez et al., 2010).

2.8. CLR runs

All CLR analyses were restricted to lag day 0, the index day, when the
ED visit or IP hospitalization occurred (Braggio et al., 2020; Hosmer
etal., 2013; Stokes et al., 2012). The base CLR runs controlled for pollen
confounders, major holidays (and the day after), snowstorms, AT, and
AT?. To each base CLR run, one of the four experimental AOD-PM; 5
(PMC, PMCK, PMCQ, PMCKQ) and PMB fused surfaces was entered. Five
CLR runs, one each for the five fused surfaces, were completed for each
of the four respiratory-cardiovascular hospital events. CLR runs were
executed for all CMAQ grids and again for grids with and without air
monitors. Braggio and associates (2020) described the evaluation of
confounders and effect modifiers. The assessment was a multi-step
process. During the screening of confounders and effect modifiers, any
variable with a p < 0.09 was retained. In the final CLR runs, effect
modifiers were considered necessary if p < 0.05. All variables in the last
CLR runs were also evaluated with the Akaike information criterion
(AIC) (Agresti, 2002; Hosmer et al., 2013). Lower AIC values represent a
more economical grouping of confounders, effect modifiers, and pre-
dictor variables. The final CLR runs utilized in this data analysis study
resembled the final CLR runs previously developed by Braggio and as-
sociates (2020).

The outcomes of interest obtained from CLR runs were the OR, the
level of significance of the OR, and the OR’s 95% confidence interval
(CI). The essential CLR outcome required to compute ST/S™ probabili-
ties was the difference OR percent (AOR%) measure. These statistical
measures were used to calculate S probabilities and determine the
number and percentage of TP cases and TN controls (Agresti, 2002). All
analyses were completed using Base SAS and the SAS PHREG procedure
within the SAS/STAT statistical package (SAS, 2017, 2018). CLR runs
also generated output that was required to compute P probabilities for
the newly developed 3 algorithm. The SAS PHREG Proc OUTPUT file
included f3 values for each case and each control (SAS, 2018).

The first step in identifying an elevated (3 case was to statistically
evaluate the difference between the case (3 value and the mean (3 value
and mean standard error (SE) value for the three controls within each
stratum. The one-tail 95% CI was computed for the three matched
controls (Agresti, 2002). The one tail 95% CI was obtained by multi-
plying the control mean SE with the Z value of 1.64, equivalent to the
one-tail probability of p = 0.05. This computed CI value was added to
the mean 3 value for the three controls to obtain the one-tail, 95% CI
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upper limit. If the case’s (3 value was above the control’s upper limit, the
case was assigned to the elevated (3 case group (P1) in the same stratum.
This outcome was equivalent to the identification of a TP case. If the
case’s 3 value did not exceed the control mean’s 95% CI upper limit, the
case was assigned to the not-elevated 3 case group (P™). This outcome
was the same as the detection of a TN control. The 3 algorithm analysis
was completed for all strata in the input file. For each case and the three
matched controls in each stratum, the SAS PHREG procedure OUTPUT
file also included information about CMAQ grid location, which was
previously coded for each CLR run. It represented a single CMAQ 12 km?
grid that contained or did not have at least one ambient fine PM air
monitor.

The CLR statistical measures necessary to compute S*/S™ and P*/P~
probabilities for each of the four experimental AOD-PM; 5 and PMB
fused surfaces are summarized in Tables S1 (all grids), S2 (grids with
ambient PM; 5 air monitors), and S3 (grids without ambient PM; 5 air
monitors) and included in the supplemental file.

2.9. OR and 3 algorithms

There are similarities and differences between the two algorithms
evaluated in this data analysis study for their effectiveness in identifying
TP cases and TN controls. Each algorithm utilizes the (3 statistic. The OR
algorithm uses the OR statistic, which is computed by exponentiating
the OR-associated 3 statistic. Any increase in the OR from 1.00 can be
expressed as a percentage representing a relative increase in risk. This
AOR% value can determine the total cases based on the total number of
observations (cases and controls). The newly developed (3 algorithm
evaluates statistical differences between each case’s 3 and the mean 3
value for the three controls within each stratum. A stratum only con-
tributes to the TP case total if the case 3 value was significantly higher
than the mean (3 value for the three controls. When the case (3 value was
not significantly different from the mean (3 value for the three controls,
then this outcome added one observation to the TN control total. The
most crucial difference between the OR and (3 algorithms is that the
former procedure identified TP cases and TN controls by utilizing one
summary measure (i.e., AOR%). At the same time, the latter algorithm
evaluated TP cases and TN controls in each stratum.

2.10. S*/S™ and P /P~ probability analyses

Fig. 3 displays the 2 x 2 table used to compute ST/S” and P*/P
probabilities. In the medical epidemiologic literature (Armitage et al.,
2002; Hennekens and Buring, 1987; Last, 1995), the standard termi-
nology is to use Dx to refer to the presence of chronic disease. The “gold
standard” refers to the currently used procedure to determine when Dx is
present or absent. In this study, the gold standard was the OR case group
algorithm. “Test” is the name for the newly developed test procedure
used to determine when Dx is present or absent. Following this termi-
nology, “disease (Dx) present” is associated with the OR case elevated
(Above, +) outcome, and “Dx absent” is associated with the not-elevated
(Below, -) result. Dx present is also related to the (3 case elevated (Above,
+) outcome, and Dx absent is associated with the 3 case not-elevated
(Below, -) outcome.

Fig. 3 displays in rows and columns the occurrence of TP cases (top
left cell) and TN controls (bottom right cell). In rows, the ST probabil-
ities are equivalent to identifying TP cases, and S~ probabilities are
equivalent to identifying TN controls (Agresti, 2002). In columns, P*
probabilities indicate the detection of TP cases (cases > controls) and P~
probabilities identify the occurrence of TN controls (cases = controls).
Probability magnitude represents the degree of reliability or confidence
in identifying TP cases and TN controls. Reliability values are highest as
the probability values approach 1.00. Reliability values decrease as the
probability goes down, <1.00.

The critical concept that underlies the computation of S and P
probabilities is that S'/S™ probabilities are dependent on P'/P~



J.T. Braggio et al.

13 Case
(Test)
Total'
Above (+) Below (-)
+ ot + - +
Moove) | | mraam | G
OR Case G14) (128) (442)
D
(Dx) Below (i | OROBT | OR.E SOR
EN(0) | TN(10,898) |  (10,898)
R DN DNEY (11,340)
Total (314) (11,026)

'YOR'™= (OR", %) + (OR™, 3’); YOR = (OR, 3") + (OR", 3°).
2y 3*=(OR", B*) + (OR", B*); ¥.B = (OR*, 3’ + ( OR", B3").

1 True Positive (TP)/Sensitivity (S*): P(3|OR") = (OR", 37)/3YOR".
2. True Negative (TN)/Specificity (S°): P(I37|OR") = (OR", 37)/>OR".
3. TP/Predictive Value Positive (P*): P(OR"|3") = (OR", B3*)/Y.13".

4 TN/Predictive Value Negative (P): P(OR'|3") = (OR", B37)/>.13".

Fig. 3. Formulas used to compute true positive (TP) (OR", B, top-left cell),
true negative (TN) (OR™, 37, bottom-right), false positive (FP) (ORY, 37, top-
right) and false negative (FN) (OR™, 3", bottom-left) probabilities. The selected
numerical example includes results from Table S1, all CMAQ grids, for ED
asthma’s PMC fused surface. TP case and TN control totals are shown within the
parentheses in regular font. FP case and FN control totals are also in paren-
theses, obtained by subtraction, and are displayed in bold font. Only the
analysis of TP cases and TN controls is the focus of the results described in this
paper. FP cases and FN controls are only shown here to better understand how
TP cases and TN controls were computed.

probabilities. Both are required to evaluate the OR case algorithm and
the 3 case algorithm for the occurrence of TP cases and TN controls
(Agresti, 2002). The OR case total for the elevated group is equivalent to
the 3 case count for the elevated group, and both outcomes appear in the
(OR™, B™) cell, in the top left row in Fig. 3. This outcome represents the
condition when Dx is present (TP case). Likewise, the OR case total for
the not-elevated group equals the (3 case total for the not-elevated
group, and both outcomes appear in the (OR™, 37) cell, in the bottom
right row. This outcome codes the condition when Dx is absent (TN
control). The total in the other two cells is determined by subtraction.
The top-right cell represents false positive (FP) cases (controls), and the
bottom left cell is equivalent to false negative (FN) controls (cases).
Since the purpose of these probability analyses was to reliably and
validly (i.e., correctly) identify TP cases and TN controls, minimal
description will deal with FP and FN outcomes.

S*/S™ analyses evaluated the effectiveness of the OR case algorithm
to identify TP cases and TN controls correctly. S probability represents
the accuracy of the OR case group to correctly identify the elevated OR
cases when Dx is present (OR™, 3™), TP cases. When the high OR case
total (OR") is greater than the high B case total (3"), the additional
observations are assigned to the (OR™, 37) cell. The S* probability value
is computed by dividing the sum in the (OR", 3) cell by the total for all
elevated OR cases, > OR*'. The S~ probability represents the accuracy of
the OR case group to correctly identify not-elevated OR cases when Dx is
absent, TN controls. When the not-elevated OR case total (OR") is
greater than the not-elevated 3 case total (37), the additional obser-
vations are assigned to the (OR, B cell. The S~ probability is
computed by dividing the sum in the (OR™, 37) cell by the total for not-
elevated OR cases, > OR™.

P*/P~ probability analyses assessed the effectiveness of the 3 case
group algorithm to identify TP cases and TN controls correctly. 3"
probability represents the accuracy of the 3" case algorithm to correctly
identify elevated (3 cases when Dx is present (OR™, B™), TP cases. When
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the elevated 3 case total (3") is greater than the high OR case total
(OR™), the additional observations are assigned to the (OR™, B8") cell.
The P™ probability value is computed by dividing the sum in the (ORT,
B™) cell by the total for all elevated 3 cases, >.(3". The P~ probability
represents the accuracy of the 3 case group algorithm to correctly
identify the not-elevated (3 cases when Dx is absent, TN controls. When
the not-elevated 3 case total (37) is greater than the not-elevated OR
case total (OR™), the additional observations are assigned to the (OR™,
(37) cell. P~ probability is computed by dividing the sum in the (OR",
(37) cell by the total for the not-elevated (3-cases, > (3.

The totals in parentheses, shown in Fig. 3, represent actual obser-
vations from Table S1 (supplemental file) for ED asthma, PMC AOD-
PM, 5 fused surface (2nd row down from the top of the table). The totals
for OR™ (10,898), OR™ (442), B3~ (11,026), and B" (314) are first
entered in the appropriate row and column marginal totals. The total in
the (OR™, 3": 314) cell is the smaller of the two-column totals, >_OR"
(442) and er* (314). Likewise, the total in the (OR™, 37: 10,898) cell
is the smaller of the two marginal totals, > OR™ (10,898) and } 3~
(11,026). The totals for remaining two cell totals are determined by
subtraction: (OR", 37: 128) = [SJOR" (442)] - [OR", B" (314)] =128,
and (OR™, B': 0): [SOR™ (10,898)]1 - [OR, 3~ (10,898)] = 0.

Successive tables in an Excel spreadsheet were coded to compute ST/
S~ and P*/P~ probabilities in all CMAQ 12 km? grids and in grids with
and without ambient fine PM air monitors. The Excel tables imple-
mented the computational procedures shown in Fig. 3. The SAS Freq
procedure also computes the ST/S™ probabilities (SAS, 2017; Stokes
et al., 2012). A SAS program was written to confirm the accuracy of the
Excel spreadsheet computations for the S*/S™ and P*/P~ probabilities
and statistically evaluate the relationship between the related cells in all
the 2 x 2 tables by using the McNemar chi square test (Stokes et al.,
2012). The results for the McNemar chi square analyses are included in
Tables S1-S3, the last column (supplemental file).

2.11. S* probabilities and total observations

The relationships between S* probabilities, TP cases, and total ob-
servations for the OR case group were evaluated using regression anal-
ysis. Proc REG in the SAS/STAT package was used to fit linear functions
between total observations, the outcome measure, and S probability,
the predictor variable, for the elevated OR case group in all CMAQ 12
km? grids, and in grids with monitors and in grids without monitors
(SAS, 2018). The linear equation produced by the SAS REG procedure
was evaluated for a predetermined range of St probability values in the
Excel spreadsheet. The overall purpose of these analyses was to deter-
mine the total observations required for each of the four
respiratory-cardiovascular chronic disease hospital events (ED asthma,
and IP asthma, and MI, and HF hospitalizations) and all four combined
in the three grid conditions (all, with and without PMy 5 ambient air
monitors) to attain a higher S™ probability of 0.964, than the ST prob-
ability that was obtained with the study’s sample sizes.

3. Results
3.1. Cases and controls

Table 1 includes totals and percentages of cases and controls for each
of the four respiratory-cardiovascular chronic disease hospital out-
comes, ED visits, and IP hospitalizations, stratified on CMAQ monitor
grid status, monitors, and no monitors. By design, there were three case-
crossover matched controls for each case. ED asthma had the most ob-
servations (47,256), followed by IP HF (27,518), then IP MI (19,201),
and IP asthma (13,515) had the fewest observations. For all four health
outcomes, there were more observations in CMAQ grids without moni-
tors than in CMAQ grids with monitors, with percentages always greater
than 50%: ED asthma, 56%; IP asthma, 58%; IP MI, 63%; and, IP HF,
57%.
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3.2. CLR runs, S*/S~ and P"/P~ probabilities, and correlations in all
grids

CLR results and other statistical analyses for the not-elevated and
elevated OR case and not-elevated and elevated 3 case groups are
included in Table S1 (supplemental file). All CLR ORs for the four health
outcomes and five fused surfaces (third column), PMB, and the four
experimental AOD-PM, s, were significant, all p’s<0.01. In addition, the
elevated OR ™" case group percent (3.1) was significantly higher than the
elevated 3" case group percent (1.6, 95% CI = 1.3-1.9; p<0.05).

S*/S™ probabilities for the four health outcomes in all grids are
shown in the multi-panel Fig. 4, top row. The first panel, closest to the
left margin, displays results for ED asthma.

The second panel from the left margin shows the results for IP
asthma. The third panel displays results for IP MI. The last panel, closest
to the right margin, shows the results for IP HF. Except for ED asthma’s
PMB, as seen in the top row, the first panel, which had identical ST and
S~ probabilities of 1.00, the other three health outcomes had S prob-
abilities that were consistently higher than the S* probabilities. S*
probabilities were always higher for the four health outcomes for PMB
than the four AOD-PM, 5 fused surfaces. For three fused surfaces with
CMAQ PM; 5 model estimates (A = PMB, D = PMCQ, and E = PMCKQ),
S* probabilities were consistently higher for PMB, lower for PMCKQ,
and intermediate for PMCQ. This pattern suggests that Kriging reduced
the PMCKQ S™ probability more than the PMCQ S™ probability for the
not-Kriged PMCQ fused surface. For PMB and the four AOD-PM, 5 fused
surfaces, S~ probabilities for ED asthma, IP asthma, and IP HF were
equal to 1.00. IP MI had S~ probabilities equivalent to 1.00 for PMB and
~0.87 for the four AOD-PMj 5 fused surfaces.

P"/P~ probabilities in all grids are shown in the multi-panel Fig. 5,
top row. The results for the four health outcomes are arranged in the
same way as they appeared in Fig. 4 for the ST/S™ probabilities. ED
asthma results are in the first panel closest to the left margin, and the
results for IP HF are in the 4th panel, closest to the right margin. Health
outcome results for IP asthma and MI are in the 2nd and 3rd panels, from
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the left margin in the top row. The most salient observation is that P™
probabilities for all four health outcomes and the four AOD-PM, 5 fused
surfaces were ~1.00. Except for the ED asthma’s PMB fused surface,
which had a P™ probability of 0.97 (please refer to the first panel, top
row), the P probabilities for the other three PMBs had values ~1.00. P~
probabilities for the four AOD-PMy 5 fused surfaces were ~1.00 for ED
asthma, IP asthma, and IP HF. IP MI had P~ probabilities for the four
AOD-PM, 5 fused surfaces that were at least 0.86, but none attained the
maximum value of 1.00. Thus, all four health outcomes had PMB P~
probabilities of 1.00.

Correlations for selected variables in all grids are included in
Table S4 (supplemental file). There was a significant correlation be-
tween total observations for each of the four health outcome groups and
B% (p<0.01), with an ? = 77.1%. There was also a significant corre-
lation between total observations and ST (p<0.01), with ? = 42.8%.
There was a significantly negative correlation between AOR% and S*
(p<0.01), with r? = 32.4%. There was a significant correlation between
B% and St (p<0.01), with 2 = 54.9%. There were significantly negative
correlations between St and S~ (p<0.05), with = 20.2%, and between
ST and P* (p<0.05), with r? = 20.2% for each pair of correlations.

3.3. CLR runs, S*/S™ and P"/P~ probabilities, and correlations in grids
with monitors

Table S2 (supplemental file) includes OR results and the number of
elevated and not-elevated observations in the OR case and (3 case groups
in grids with monitors. All ORs were significant for each of four health
outcomes and the five fused surfaces per health outcome (all p’s<0.01).
Separate analyses showed that the mean percent for the elevated OR
case group (3.0) was significantly higher than the mean percentage for
the elevated 3 case group (1.0, 95% CI = 1.0-1.1) (p<0.05).

S* and S~ probability analyses for the four health outcomes and the
five fused surfaces in grids with monitors are shown in Fig. 4, middle
row. All S* probabilities were 0.51 or lower, while all S~ probabilities
were equal to 1.00. Only ED asthma’s PMB (0.46), PMCQ (0.42) fused
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Fig. 4. True positive (TP) cases were identified by using sensitivity (S*) probabilities and true negative (TN) controls were detected by using specificity (S™)
probabilities for emergency department (ED) asthma visits (1st column) and inpatient (IP) asthma (2nd column), myocardial infarction (MI; 3rd column) and heart
failure (HF; 4th column) hospitalizations for the 4 AOD-PM, s and PMB fused surfaces (A = PMB; B = PMC; C = PMCK; D = PMCQ; and E = PMCKQ) in all CMAQ
grids (top row), grids with monitors (middle row) and grids without monitors (bottom row). Higher S probabilities represent either greater accuracy in the iden-
tification of persons with the index health outcome (Dx) in the Odds Ratio elevated (OR™) case group (S*)/TP cases or greater accuracy in the identification of
persons who did not have Dx in the not-elevated OR™ case group (S™)/TN controls.
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Fig. 5. True positive (TP) cases were identified by using predictive value positive (P") probabilities and true negative (TN) controls were determined by using
predictive value negative (P~) probabilities for emergency department (ED) asthma visits (1st column), and inpatient (IP) asthma (2nd column), myocardial
infarction (MI) (3rd column) and heart failure (HF) (4th column) hospitalizations for the 4 AOD-PM; s and PMB fused surfaces (A = PMB; B = PMC; C = PMCK; D =
PMCQ; and E = PMCKQ) in all CMAQ grids (top row), grids with monitors (middle row), grids without monitors (bottom row). Higher P probabilities represent either
greater accuracy in the correct identification of persons with the index health outcome (Dx) in the elevated Beta (B case group (P™)/TP cases or greater accuracy in
the identification of persons who did not have Dx in the not-elevated Beta (3™) case group (P~)/TN controls.

surfaces, and IP MI's PMB (0.51), and PMCQ (0.47) fused surfaces
exceeded the low probability threshold of 0.40. Other comparisons be-
tween PMB and the four AOD-PM, 5 fused surfaces resembled what was
previously described above for ST probabilities in all CMAQ grids (top
row). PMB had the higher ST probability values for each of the four
health outcomes, followed by PMCQ with intermediate probability
values and PMCKQ having the lower probability values. The PMCK fused
surface had S™ probabilities lower than the S* probability values for the
PMC fused surface.

P" and P~ probabilities for the four health outcomes and five fused
surfaces in grids with

monitors are displayed in Fig. 5, middle row. All 20 comparisons for
the P* probabilities and the 20 comparisons for the P~ probabilities had
values of ~1.00. Minor differences, nonetheless, were present. All P*
probability values were equal to 1.00, while all P~ probability values
were slightly lower and within the narrow range of 0.97-0.99.

Correlations between total observations, elevated OR case group and
3 case group percentages, ST and P~ probabilities, in grids with moni-
tors, are included in Table S5 (supplemental file). AOR% had signifi-
cantly negative correlations with S* and P~ probabilities (both
p’s<0.01); the r? values were 31.9% and 82.8%, respectively. 3% was
significantly correlated with ST (p<0.01), with r? = 64.0%. The corre-
lation between S* and P~ was significant (p<0.01), with ? = 71.6%.

3.4. CLR runs, S*/S~ and P /P~ probabilities, and correlations in grids
without monitors

Table S3 (supplemental) file shows the CLR runs, percent elevated
and total elevated and not-elevated cases in the OR case and (3 case
groups, in grids without monitors. All 20 CLR runs had significant ORs
(all p’s<0.01). The OR case group’s percent elevated of 3.9 was signif-
icantly higher than the 3 case group’s percent elevated of 0.9 (95% CI =
0.8-1.1) (p<0.05).

OR case group’s ST/S™ probabilities for the four health outcomes and
the five fused surfaces in CMAQ grids without ambient PMy5 air

monitors are shown in Fig. 4, bottom row.

S*/S™ probabilities in grids without monitors resembled S*/S~
probabilities for grids with monitors. S* probabilities for the four health
outcomes and five fused surfaces were lower than the S~ probabilities.
The highest S probability occurred for ED asthma’s PMB fused surface
(0.76). The four health outcomes showed the same S* probability rela-
tionship for the three fused surfaces that included the CMAQ PMj 5
model estimates: St probability was consistently higher for PMB, in-
termediate for PMCQ, and lower for PMCKQ. Another robust outcome
among the four AOD-PM; 5 fused surfaces was that while PMC resem-
bled PMCK, they both had S* probabilities that were consistently lower
than the PMCQ and PMCKQ S* probabilities. All 20 S~ probability
values were equal to 1.00.

3 case group PT/P~ probabilities for the four health outcomes, PMB
and the four AOD-PM;, 5 fused surfaces, in grids without air monitors are
shown in Fig. 5, bottom row. The

most prominent finding was that all 20 P* probability values were
1.00, and the 20 P~ probability values were ~1.00. There were minor
differences, however, among the P~ probability values for the four
health outcomes. For example, the five P~ probability values for ED
asthma were equal to 0.99 or 1.00. The P probability values were
slightly lower for the other three health outcomes, with minimum-
maximum values of 0.94-0.99.

Correlation analyses are included in Table S6 (supplemental file).
The total observations variable was significantly associated with 3%
(p<0.01), ? =72.1%. AOR% had a near-perfect inverse correlation with
P~ (p<0.01) and a high 72 value of 94.9%.

3.5. Grids with and without monitors

Additional analyses were completed to determine if the correct
identification of TP cases and TN controls differed in CMAQ grids with
and without monitors. Secondary analyses evaluated results in all grids
and grids with or without monitors. These analyses were included in
Tables S7-S15 (supplemental file). More critical findings will be briefly
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summarized below.

3.5.1. AOR% and 3% (Table S7)

While AOR% was significantly higher in grids without monitors (3.9)
than in grids with monitors (3.0, 95% CI = 2.8-3.2) (p<0.05), the 3%
was significantly lower in grids without monitors (0.9) than in grids with
monitors (1.0, 1.0-1.1), and in all grids (1.6, 1.3-1.9) (both p’s<0.05).

3.5.2. AOR% and (3%: AOD PM 5 fused surfaces (Table S8)

Only OR case group comparisons had significantly higher AOR%
values in grids without monitors than in grids with monitors for three
AOD-PM, 5 fused surfaces: PMC (5.3; 3.2, 95% CI = 2.8-3.7), PMCK
(6.0; 3.4, 95% CI = 3.1-3.8) and PMCKQ (3.8; 3.2, 95% CI = 2.8-3.5)
(all p’s<0.05). In a reversal to this trend, the PMB fused surface had
significantly lower AOR% values in grids without monitors (1.7)
compared to grids with monitors (2.4, 95% CI = 2.2-2.7), and in all
grids (2.0, 95% CI = 1.8-2.1), both p’s<0.05. All (3 case group com-
parisons were not significantly different between grids without and with
air monitors (all p’s>0.05).

3.5.3. AOR% and 3%: Health outcomes (Table S9)

For all four health outcomes, the OR case group had significantly
higher AOR% values in grids without monitors compared to grids with
monitors: ED asthma (3.9; 3.0, 95% CI = 2.6-3.5), IP asthma (4.0; 3.3,
95% CI = 2.7-3.9), IP MI (3.9; 2.9, 95% CI = 2.4-3.4), and IP HF (3.7;
2.8, 95% CI = 2.4-3.2) (all p’s<0.05). The 3 case group did not have
significantly different 3% values in grids without and in grids with air
monitors (all p’s>0.05).

3.6. S*/S™ and P*/P~ (Table S10)

S™ probabilities for the OR case group were significantly lower in
grids without monitors (0.30) than in grids with monitors (0.34, 95% CI
= 0.31-0.38) and in all grids (0.57, 95% CI = 0.46-0.67) (both
Pp’s<0.05). The OR case group A(S™ - S™) value was significantly higher
in grids without monitors (0.70) than in grids with monitors (0.66, 95%
CI = 0.62-0.69), and in all grids (0.43, 95% CI = 0.33-0.54) (both
p’s<0.05). P~ probabilities for the 3 case group were significantly lower
in grids without monitors (0.97) than in grids with monitors (0.98, 95%
CI = 0.98-0.98) (p<0.05).

3.6.1. S*/S™ and P*/P~: AOD PM; s fused surfaces (Tables S11 and S12,
respectively)

As shown in Table S11, OR case group S* probabilities were signif-
icantly lower in grids without monitors than in grids with monitors for
PMC (0.17; 0.31, 95% CI = 0.21-0.41) and PMCK (0.14; 0.29, 95% CI =
0.20-0.38) (both p’s<0.05). OR case group A(S™ - ST values were
significantly higher in grids without monitors than in grids with moni-
tors for PMC (0.84; 0.69, 95% CI = 0.59-0.79) and PMCK (0.86; 0.71,
95% CI = 0.62-0.80) (both p’s<0.05).

Table S12 shows that the (3 case group P~ values were significantly
lower in grids without monitors than in grids with monitors for PMC
(0.96; 0.98, 95% CI = 0.97-0.98) and PMCK (0.95; 0.98, 95% CI =
0.97-0.98) (both p’s<0.05).

3.6.2. ST/S™ and P"/P": Health outcomes (Tables S13 and S14,
respectively)

Results presented in Table S13 show that OR case group S* proba-
bilities were significantly higher in grids without monitors than in grids
with monitors for IP HF (0.33; 0.27, 95% CI = 0.23-0.32), and signifi-
cantly lower in grids without monitors than in grids with monitors for IP
asthma (0.16; 0.30, 95% CI = 0.24-0.36) and IP MI (0.30; 0.43, 95% CI
= 0.45-0.50) (all p’s<0.05).

As displayed in Table S14, the (3 case group P~ probability values
were significantly lower in grids without monitors than in grids with
monitors only for IP MI (0.97; 0.98, 95% CI = 0.98-0.99) (p<0.05).
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3.7. OR-case group S* probabilities and total observations (Table S15)

Regression analyses estimated the number of health outcome ob-
servations that would be required to increase the OR case group’s S*
probability value to 0.964. Regression results are summarized in
Table S15. Only the regression runs for the Both, and No monitor grid
conditions had significant predictor (sensitivity) outcomes, p<0.05. For
Both monitor grid conditions, 10,073 cases per health outcome group
would be needed to attain an S probability of 0.964. In grids without
monitors, 6,710 observations per health outcome group would be
required to arrive at an S probability of 0.964.

For all four health outcome groups, ED asthma, IP asthma, MI, and
HF hospitalizations, 10,073 per health outcome group x 4 health
outcome groups = 40,292 cases needed to attain the S* probability of
0.964. This outcome is a 50.8% increase from the total cases that were
available in this data analysis study, as shown in Table 1: ED Asthma
(11,723), IP Asthma (3,376), IP MI (4,790), and IP HF (6,826) — com-
bined total observations of 26,715. For three of the four chronic disease
hospital outcome groups, it would require increases of 198.4% for IP
asthma (from 3,376), 110.3% for IP MI (from 4,790), and 47.6% for IP
HF (from 6,826). The study’s ED asthma case sample size of 11,723
exceeded the required ED asthma case sample size of 10,073.

Regression results for the No monitor grid group determined that
6,710 total health outcome cases would be required for each health
outcome group to attain an OR case group S* probability of 0.964. The
four health outcomes combined resulted in a total of 15,434 observa-
tions: ED Asthma contributing 6,571; IP Asthma, 1,959; IP MI, 3,006; IP
HF, 3,898. Total observations for all four health outcomes combined in
the No monitor group would have to be increased by 73.9% to attain the
OR case group S* probability of 0.964. For each of the four No monitor
group health outcomes, it would mean that the ED asthma cases would
have to be increased 2.1% (from 6,571), 242.5% for IP asthma (1,959),
123.2% for IP MI (3,006), and 72.1% for IP HF (3,898).

4. Discussion

To our knowledge, this is the first environmental epidemiology air
pollution study to complete an analysis of TP cases and TN controls for
respiratory-cardiovascular chronic disease ED visits and IP hospitaliza-
tions in a case-crossover analysis of AOD-PMj 5 concentration levels in
urban (with air monitors) and rural (without air monitors) areas. Study
results demonstrated that both valid and reliable identification of TP
cases and TN controls for four respiratory-cardiovascular chronic dis-
eases were possible for the (3 case group in all CMAQ monitor grids and
grids with and without air monitors. However, only TN controls, not TP
cases, could be reliably and accurately estimated with S~ probabilities
~1.00 in all CMAQ grid conditions for the OR case group. Furthermore,
unlike the 3 case group, the OR case group S* probabilities depended on
the number of available cases in the input files. Regression analyses

Table 1

Total (percent) of cases and controls in all CMAQ grids and in grids with and
without ambient PM 5 5 air monitors included in four respiratory-cardiovascular
chronic disease health outcomes.

outcome cases controls total

ED Asthma 11,723 (24.81) 35,533 (75.19) 47,256 (100.00)
Monitor 5,152 (10.90) 15,663 (33.14) 20,815 (44.05)
No Monitor 6,571 (13.91) 19,870 (42.05) 26,441 (55.95)
IP Asthma 3,376 (24.98) 10,139 (75.02) 13,515 (100.00)
Monitor 1,417 (10.48) 4,255 (31.48) 5,672 (41.97)
No Monitor 1,959 (14.50) 5,884 (43.54) 7,843 (58.03)
IP MI 4,790 (24.95) 14,411 (75.05) 19,201 (100.00)
Monitor 1,784 (9.29) 5,401 (28.13) 7,185 (37.42)
No Monitor 3,006 (15.66) 9,010 (46.92) 12,016 (62.58)
IP HF 6,826 (24.81) 20,692 (75.19) 27,518 (100.00)
Monitor 2,928 (10.64) 8,906 (32.36) 11,834 (43.00)
No Monitor 3,898 (14.17) 11,786 (42.83) 15,684 (57.00)
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demonstrated that OR case group S™ probabilities of 0.964 in all CMAQ
grids could be attained, provided that total available cases for IP asthma,
IP ML, and IP HF were increased by 198.4%, 110.3%, and 47.6%,
respectively. Another new and important finding was confirmation that
the OR case group significantly overestimated the number and per-
centage of TP ED asthma visits, IP asthma, MI, and HF hospitalization
cases, relative to the TP cases estimates produced by the 3 case group.

This new information about the reliability and validity of
respiratory-cardiovascular TP cases and TN controls has essential con-
sequences for completing similar studies in the US and other countries
(Hennekens and Buring, 1987; Kelsey et al., 1996; Last, 1995; Schles-
selman, 1982). Of importance, these results suggest that it is not possible
to use the OR case group algorithm to accurately estimate the occur-
rence of TP cases in a case-crossover formatted AOD-PM5 5 and health
outcome file. For each of the four chronic disease ED visits and IP hos-
pitalizations included in this study, OR-based percentages for TP cases
were significantly higher than the (3-based percentages for TP cases in
all grid conditions.

One parsimonious explanation could be that the total number of
cases in the elevated OR case group was smaller than the total number of
controls in the not-elevated OR case group, by at least one order of
magnitude, from about one hundred to one thousand. As a result, fewer
FP cases are required to lower the ST probability by a constant of 0.10
than would be necessary to decrease the S probability value for the
same constant, 0.10. One obvious solution would be to increase the
number of cases and the number of matched controls. The newly
developed and evaluated (3 case group algorithm is more accurate than
the OR case group algorithm in determining the percentage of TP cases
since this algorithm is based on the evaluation of cases and controls in
each stratum, where the case’s (3 value is significantly higher than the
mean (3 value for the three matched controls. When both methods are
available to estimate the number and percentage of TP cases, the 3 case
group estimate should be selected. The OR case group algorithm should
be used to estimate the number and percentage of TP cases only when it
is not possible to implement the (3 case group algorithm.

For S™ and P*/P~ probabilities, there were no apparent differences
between urban and rural CMAQ 12 km? grids regarding TP cases (P1)
and TN controls (P, S7). This study’s finding is essential for using
health outcome measures to evaluate the strength of the association
between elevated AOD-PM, 5 concentration levels in grids with and
without ambient PM, 5 air monitors. In addition, because of the estab-
lished statistical association between on-the-ground PMjys monitor
measurements and satellite AOD unitless readings, it is possible to use
AOD-PM, 5 concentration level readings as proxies for actual ambient
PM;, 5 concentration level measurements in urban areas. However, these
AOD-PM, 5 statistical validation studies have been completed only in
urban areas where PM; 5 monitors have been placed. Thus far, it has not
been possible to undertake a similar AOD-PM;, 5 reliability and validity
study in rural areas because there are no on-the-ground air monitors (Fu
et al., 2020; Han et al., 2020; Lee et al., 2016a, 2016b; Prud’homme
et al., 2013; Sorek-Hamer et al., 2016).

Probability measurements represent the accuracy with which the
two algorithms can reliably detect chronic disease TP cases and TN
controls, one for the OR case group and the other for the newly devel-
oped 3 case group. Higher probabilities represent a higher degree of
accuracy with which an algorithm can detect TP cases and TN controls.
The S~ and P~ probabilities were ~1.00 for TN controls. Only the P* was
~1.00 for TP cases.

For these three probability measures of P*/P~ and S™, there were no
apparent differences between grids with and without air monitors. The
unique contribution of this data analysis study is that it evaluated four
different AOD-PMj5 fused surfaces and four different respiratory-
cardiovascular hospital events. Study results found no differences be-
tween grids with and without air monitors for each of the 16 separate
AOD-PM; 5 and health outcome analyses. Similar results were obtained
for the association between PMB and ED asthma, IP asthma, IP MI, and
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IP HF. These results, then, provide indirect confirmation, for the first
time, that the concentration-response function that describes the rela-
tionship between AOD-PM, 5 and respiratory-cardiovascular ED visits
and IP hospitalizations remained unchanged (i.e., no significant differ-
ences) in grids with and in grids without air monitor.

Reliability and validity assessment of TP cases and TN controls re-
quires the section of a cutoff point. In the implementation of the 3 case
group algorithm, the Z value of 1.645 was selected because it has a
p=0.05, one-tail. Published scientific studies in epidemiologic specialty
areas continue to use p=0.05 to identify rare events (Agresti, 2002;
Armitage et al., 2002; Hennekens and Buring, 1987; Hosmer et al., 2013;
Kelsey et al., 1996; Schlesselman, 1982; Stokes et al., 2012). Selecting a
Z value with a two-tail p=0.05 would have resulted in the identification
of fewer TP cases, thereby making the difference in the number and
percentage of TP cases identified by the OR case group and the (3 case
group even more extreme. The only other option would have been to
select another Z cutoff point besides 1.645. This latter option would
have required a parametric analysis of a range of Z values and the
number and percentage of TP cases and TN controls that would have
occurred. This last option was not undertaken because this analysis was
not within the two objectives of this study.

Different methodological strengths support the soundness of these
study results. The first contribution was using four other experimental
AOD-PM; 5 fused surfaces and four different health outcomes in grids
with and without air monitors, thereby making the study’s results
generalizable. The second strength was developing and evaluating the
new (3 case group algorithm to detect TP cases and TN controls reliably
and validly and comparing these results to the outcomes from the OR
case group algorithm. The four probability values, two each for the 3
(P"/P7) and OR (S*/S™) case groups, provided a novel way to quantify
the reliability of detecting TP cases and TN controls. The third contri-
bution was the confirmation that both the 3 case group (P~) and OR case
group (S7) algorithms demonstrated near-perfect agreement, with
computed probability values ~1.00, in the detection of TN controls, in
all three grid conditions. The fourth contribution confirmed that lower
probabilities occurred for the OR case group (S™) because this algorithm
is more sensitive to sample size than the (3 case group algorithm. The
fifth strength demonstrated that the OR case group’s S probabilities
could be increased to values ~1.00 by increasing the number of avail-
able cases (and matched controls) in the input data files for the four
health outcomes. The remaining but essential contribution of this study
was the demonstration, for the first time, that there were no differences
in the occurrence of TP cases and TN controls in grids with and without
air monitors. This last outcome provides indirect evidence that the
relationship between AOD-PM; 5 concentration levels and the occur-
rence of respiratory-cardiovascular ED visits and IP hospitalizations in
grids with and without air monitors remains unchanged. A related
conclusion could be stated, with caution, that the AOD-PM, 5 concen-
tration levels documented in grids with air monitors should have the
same (or similar) relationship to health outcomes in grids without air
monitors.

A methodological limitation of this study, however, concerns the
complete reliance on ED visits and IP hospitalizations that were only
available in electronic files, without further opportunities to access the
underlying patient medical records, from which the electronic hospital
event information was abstracted (Cozzolino et al., 2019; Rosamond
et al., 2004). Thus, it is possible that an unknown number and propor-
tion of asthma, MI, and HF patient diagnoses could also include FP
respiratory-cardiovascular cases (controls; Cozzolino et al., 2019;
Rosamond et al., 2004).

Cozzolino et al. (2019) reported high S*/S™, P*/P~ and TP/TN
probabilities for MI (total medical charts, 128; 91%-98%) and HF
(medical charts, 127; 90%-96%). They concluded that these Umbria
(Perugia, Italy) healthcare administrative databases can be used in
epidemiologic studies. Rosamond and associates (2004) evaluated dif-
ferences in S*, P and FP probabilities between inclusion criteria in four
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US communities in the different US States (North Carolina, Mississippi,
Minnesota, and Maryland) and reviewed medical charts that included
ICD-9-CM MI hospital discharge diagnoses. ST probabilities were higher
for: males (0.65) than females (0.60); Whites (0.67) than Blacks (0.61);
and, higher in Maryland (0.77) and Minnesota (0.71) than in North
Carolina (0.57) and Mississippi (0.56). P" were also higher for males
(0.77), Whites (0.76), and North Carolina (0.78). FP probabilities were
lower for females (0.03), equivalent for ethnicity (0.03), and lower in
North Carolina and Mississippi (0.03) than in Minnesota and Maryland
(0.04). Gender and ethnic differences remained between 1987 and 2000.
The study authors suggested investing additional resources in validation
work to be completed by ongoing surveillance projects.

The findings from the Cozzolino et al. (2019) and Rosamond and
associates (2004) studies have implications for the unconfirmed accu-
racy for MI and HF diagnoses included in the Maryland HSCRC elec-
tronic IP records. For example, the ED asthma or IP asthma cases entered
in the Maryland HSCRC electronic hospital files, ambulatory and inpa-
tient, and included in this data analysis study, may not have been
correctly diagnosed as asthma patients. The incorrect diagnosis of
asthma represents the occurrence of FP asthma cases (control). FP cases
could have occurred not only for asthma but also MI and HF. Another
methodological limitation concerns the possibility of incorrect recording
of the patient’s residential information, coded as the ZIP code of resi-
dence, in the medical chart. Still, another limitation could have occurred
as the patient’s information recorded in the medical chart was computer
entered into the electronic reporting system established by the Maryland
HSCRC. To summarize, it is possible that not all ICD-9-CM codes and
residential ZIP codes were accurately transmitted to the Maryland
HSCRC.

From the available information on the Maryland HSCRC website in
2020, the percentage of incorrectly entered ICD-9-CM codes and resi-
dential ZIP codes should not be a major issue for the electronic IP and
ambulatory (ED) files (HSCRC, 2020) because of implemented data
quality control checks. Similar data quality protocols were also imple-
mented for the processing of the 2004-2006 electronic patient records.

In the most recent guidance to Maryland hospitals, the Maryland
HSCRC stated, on its website, in 2020, that data entry errors for a pre-
determined group of variables in the IP and ED electronic records cannot
exceed 10% in each electronic patient record file (HSCRC, 2020).
Starting in 2021, the tolerated 10% error rate will be reduced to 5% for
each electronic record file (HSCRC, 2020). In addition, the medical
recorded number, date of admission, date of discharge variables in the IP
electronic file, and the medical record number and from-through service
dates in the ED electronic file were evaluated and found to be 100%
complete (HSCRC, 2020).

The fact that P*/P~ probabilities for the 3 case group and the S~
probabilities for the OR case group could also reliably and validly
identify elevated (TP cases) and not-elevated (TN controls) cases in grids
with and without ambient PMj 5 air monitors suggests that the experi-
mental AOD-PMj 5 fused surfaces developed by our research group can
be utilized in 12 km? CMAQ grids with and without ambient fine PM air
monitors to evaluate the association between elevated ambient fine PM
levels and respiratory-cardiovascular chronic disease ED visits and IP
hospitalizations in urban and in rural areas. Since ambient PM; 5 mon-
itors are usually found in urban areas with higher population density
and lower economic resources (higher poverty) among residents, pub-
lished studies have already provided a robust baseline of results that
document the detrimental effects of high ambient fine and coarse PM
concentration levels on respiratory-cardiovascular chronic disease ED
visits and IP hospitalizations (Bell and Ebisu, 2012; Braggio et al., 2020;
Brochu et al., 2011; Brook et al., 2010, 2014, 2015; Egondi et al., 2018).
Unfortunately, the currently available published literature includes
fewer studies documenting how elevated ambient fine PM levels increase
ED asthma visits, IP asthma, MI, and HF hospitalizations in rural areas.
The results from this study suggest, for the first time, that the use of
AOD-PM,5 fused surfaces and respiratory-cardiovascular hospital
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events in rural areas, where ambient fine PM air monitors may not be
available in the US, may make it possible to identify TP cases and TN
controls correctly. The recent Braggio and associates (2020) publication
and findings from this study suggest that it may be possible to use PMC
and PMCK fused surfaces in urban and rural areas as proxies for elevated
ambient PMy 5 concentration levels in epidemiologic studies. Among
these two experimental AOD-PMj 5 fused surfaces, the use of PMCK may
be more appropriate than the use of PMC because the former fused
surface does not have missing readings. Which AOD-PM, 5 fused surface
is selected should be determined by considering the study’s purpose and
related methodologic considerations.

5. Conclusion

Study results confirmed that the currently available OR case group
algorithm significantly overestimated the percentage of TP cases and
had lower and less reliable probabilities for identifying TP cases. The OR
case algorithm was only able to reliably and validly identify TN controls.
The (3 case group algorithm reliably and validly identified TP cases and
TN controls in all three grid conditions. Therefore, when both algo-
rithms can be computed, the first consideration should be given to the
use of the (3 case group algorithm. Because the number and percentage
of TP cases and TN controls did not differ between grids with and grids
without monitors, these epidemiologic results suggest for the first time
that the concentration-response function that describes the relationship
between AOD-PM, s and respiratory-cardiovascular health outcomes
may be similar in grids with (urban) and grids without (rural) air mon-
itors, but only in states that resemble Maryland in its smaller land area,
in urban grids with 17 ambient air monitors in 2004-2006 and smaller
rural areas without ambient air monitors. In conclusion, future epide-
miologic investigations utilizing respiratory-cardiovascular hospital
events in rural areas should consider selecting the most appropriate
AOD-PM, 5 fused surface, PMC or PMCK, as a way of estimating ambient
PM; 5 concentration levels.
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