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Abstract

The Integrated Clinical and Environmental Exposures Service (ICEES) provides
regulatory-compliant open access to semi-aggregated electronic health record data that have
been integrated with environmental exposures data. ICEES supports a number of patient data
sets, including a data set on patients with rare pulmonary disease (RPD). The RPD data set is
composed of patients with suspected or confirmed primary ciliary dyskinesia (PCD), cystic
fibrosis (CF), or idiopathic pulmonary bronchiectasis (IB). We utilized the ICEES “multivariate
feature analysis” capability within the ICEES RPD endpoint to generate a multivariate feature
table for proof-of-concept analysis. We first conducted a bivariate analysis to determine if select
demographic factors and environmental exposures differed among patients with a confirmed
diagnosis PCD, CF, or IB when compared to patients without a confirmed diagnosis. We found
that patients with IB tended to be female; patients with PCD or CF tended to be younger;
patients with IB tended to be older; patients with CF or IB tended to be Caucasian and were
unlikely to be obese; and patients with CF tended to be exposed to relatively high levels of
ozone. We then used the same features to generate a multivariate feature table and apply a
multinomial model and a logistic model to further explore the data. We demonstrated an
association between a confirmed diagnosis of RPD (PCD, CF, or IB) and relatively high levels of
exposure to airborne pollutants (particulate matter and ozone). We discuss our findings, the
limitations when working with rare disease data sets, and the value of the ICEES RPD endpoint
as a publicly-available resource for researchers.

1. Introduction

Electronic health records (EHRSs) provide a rich source of observational real-world data on
health and disease. Yet, access to EHR data is restricted to protect patient privacy and
governed by federal and institutional regulations such as the US Health Insurance Portability
and Accountability Act of 1996'2. Moreover, EHR data typically do not include data on
environmental exposures, which are increasingly recognized as important contributors to health
and disease®. Indeed, exposures to high levels of airborne pollutants, for example, are
associated with a wide variety of diseases, including asthma*, cardiovascular disease®, cancer®,
diabetes’, and Alzheimer’s disease®.



The Integrated Clinical and Environmental Exposures Service (ICEES) was developed to
address these challenges. ICEES openly exposes, in a regulatory-compliant manner, EHR data
that have been integrated at the patient level with a variety of environmental exposures data®.
ICEES has been applied to explore the relationship between demographic factors and
environmental exposures on asthma and related common pulmonary disorders'®"'? primary
ciliary dyskinesia (PCD) and related rare pulmonary disorders', and several other conditions.
ICEES was originally designed to support basic statistical methodologies such as bivariate Chi
Square analysis. However, the service was recently extended to support multivariate analysis,
albeit with constraints imposed to comply with federal and institutional regulations™.

Herein, we extend our prior research on PCD and related rare pulmonary disorders'® by
applying bivariate and multivariate statistical models to the ICEES RPD endpoint to explore
demographic factors and environmental exposures that are associated with, may predict, and/or
may differentiate patients with PCD, cystic fibrosis (CF), or idiopathic pulmonary bronchiectasis
(1B).

2. Methods

2.1 Overview of ICEES RPD Data Set

The ICEES RPD data set includes EHR data on patients at UNC Health suspected of having
one of three following rare pulmonary diseases, using a complex set of selection criteria: PCD;
CF; and IB. A definitive diagnosis of CF was made by way of an affirmative diagnostic code in a
given patient's EHR and/or by manual physician chart review (i.e., consensus by two
independent physicians). An EHR diagnostic code does not exist for PCD or IB, so a definitive
diagnosis for those rare diseases was made as part of the same physician chart review. Thus,
the final RPD data set includes a mix of patients suspected or confirmed to have PCD, CF, or IB
(N = 4846).

2.2 Multivariate Feature Table Generation

We selected sex, age, race, obesity, exposure to particulate matter < 2.5-microns in diameter
(PM2.5) or ozone for inclusion in our multivariate data set. The choice of features was based
primarily on our prior work with the ICEES RPD data set.

The ICEES RPD endpoint contains data on multiple study periods (i.e., calendar years
2010-2021). We selected the year 2018 for subsequent analysis, as that year was most
enriched in patients with a confirmed diagnosis of PCD, CF, or IB who had one or more annual
visits to UNC Health (see Appendix A for details).

Several of the variables in the ICEES RPD data set were unbalanced with some subgroup sizes
being too small to provide reliable statistical estimates. We addressed this problem by either
dropping categories (and consequently subjects in those categories) that were too small for
reliable analysis or by combining (binning) adjacent categories that were too small to analyze



independently. (see Appendix A for details). As an example of the first strategy, we restricted the
data set based on race to African American (n = 1054) or Caucasian (n = 3792) and dropped
from the analysis subjects outside of these categories. Applying the second strategy, we binned
Age to 0-17, 18-63, and 64-89 years; PM2.5 exposure to Low (4.94, 8.32 ug/m? or High (8.32,
10.57 ug/m?]; and Ozone to Low (30.26, 43. 96 ppm] or High (43.96, 47.38 ppm].

2.3 Bivariate Analysis Methodology

The purpose of the bivariate analysis was to determine if demographic factors and
environmental exposures differed among the three groups of patients (PCD, CF, IB), as
differentiated by the variable Diagnosis. To achieve this, we fit a generalized linear model (GLM)
between Diagnosis and each feature variable, using Diagnosis as the explanatory variable and
the respective feature variable as the response variable. For binary explanatory variables (all
except Age), we fit a logistic regression using the glm() function in R. Since Age had three
ordered categories, we fit an ordered logistic regression using the polr() function from the MASS
package in R. We also analyzed all pairwise comparisons of disease using a Tukey two-sided
test from the glht() function of the multcomp package in R.

2.4 Multivariate Analysis Methodology

We further explored the impact of environmental exposures using multivariate analysis
methodology. We first created a new variable called Exposure, whose value depended on both
PM2.5 exposure and Ozone exposure and their combined level of exposure (i.e., Low PM2.5
and Low Ozone, Low PM2.5 and High Ozone, High PM2.5 and Low Ozone, High PM2.5 and
High Ozone, abbreviated as PMLow-OzLow, PMLow-OzHigh, PMHigh-OzLow, and
PMHigh-OzHigh, respectively). We conducted a Chi Square test of independence between
Exposure and Diagnosis by obtaining a theoretical p-value using the chisq.test() in R and a
bootstrapped p-value. We also conducted a Fisher test for independence using a simulated
p-value with the fisher.test() function of the stats package in R.

We then fit a multinomial model between Diagnosis and Exposure, with Exposure as the
explanatory variable and Diagnosis as the response variable, using the multinom() function in
the nnet package in R. This generated multiple pairwise comparisons between the different
levels of Exposure and Diagnosis. We assessed the fitted model through z-testing of model
coefficients.

Finally, we focused on the highest level of Exposure where both PM2.5 Exposure and Ozone
Exposure were relatively high (i.e., PMHigh-OzHigh). To do this, we created an additional
variable called High Exposure which took the value of 1 when both PM2.5 Exposure and Ozone
Exposure were relatively high and 0 otherwise. We fit a logistic regression between Diagnosis
and High Exposure using the gim() function in R, with Diagnosis as the explanatory variable and
High Exposure as the response variable. We assessed the fitted logistic regression through
z-testing of model coefficients, Analysis of Variance (ANOVA), and predicted probabilities.



3. Results

3.1 Final Multivariate Data Set

The final RPD cohort tended to be female, older, Caucasian, and non-obese with relatively low
levels of PM2.5 and ozone exposure. The majority of patients were suspected but not confirmed
of having an RPD diagnosis (i.e. no confirmed diagnosis of PCD, CF, or IB), which was
expected given the challenge of finding a definitive diagnosis for patients with RPD. Among the
patients with a confirmed RPD diagnosis, more patients were diagnosed with CF or IB than
PCD, also as expected given that CF and IB are more common than PCD. (Table 1)

Table 1. Distribution of feature variables in final data set.
Wariabie Lewvel Fraquency, percentage
Diegniceses Mions 4514, 53.15%
PCO 38, 0.TEY
CF 154, 3.18%
B 140, 2. B9%
Sen Mala 1985, 40.96%
Famala 2861, 59.04
Aga o-17 592, 1201%
1B-63 1700, 35.08%
Gd-30 2564, 52.91%
Race Caucasian 3aro2, TA.25%
AlTiCEn Amarican 10.54, 21759
Chasily a 4318, B9.06%
1 530, 10.84%
PM2.5 Exposure Low * 601, T4.31%
High* 1245, 25.65%
Dirone Expasure Lira ** 4347, BA.T%
High == 498, 10.3%
Variable name, levels, and frequency and percentage shown. Freguency and percentage are calculated within
vanable,
* PM2.5 exposure limits: Low (4.94, 8.32 pg/m?] (n = 3601); High: (8.32, 10.57 pg/m?] (n = 1245)
** Dzone exposure limits: Low (30,26, 43. 96 ppm] (n = 4347); High (43.96, 47.38 ppm] (n = 499)

3.2 Bivariate Analysis Results

We conducted bivariate analyses to determine whether demographic factors and environmental
exposures differed among patients with a confirmed PCD, CF, or IB diagnosis when compared
to patients suspected to have, but not confirmed to have, RPD.



Patients with a confirmed diagnosis of IB were significantly more likely to be female than
patients with confirmed CF or IB, when compared to patients without a confirmed RPD
diagnosis (Tukey two-sided p-value <0.001; Figure 1).
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Figure 1. Differences in sex by confirmed diagnosis. Displayed is the predicted percentage of
female patients on the y-axis by confirmed diagnosis on the x-axis. A 95% confidence interval
with total number and percentage of female patients is shown for each diagnosis group.

Patients with a confirmed diagnosis of PCD (Tukey two-sided p-value < 1e-4) or CF (Tukey
two-sided p-value < 1e-4) were more likely to be in the 0-17 years age group, whereas patients
with a confirmed IB diagnosis were more likely to be in the 18-63 years age group (Tukey
two-sided p-value < 1e-4), when compared to patients without a confirmed RPD diagnosis
(Figure 2).
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Figure 2. Differences in age by confirmed diagnosis. Displayed is the predicted percentage of
patients in age group on the y-axis by confirmed diagnosis on the x-axis. A 95% confidence
interval with total number and percentage of patients in age group is shown for each diagnosis
group.

Patients with a confirmed RPD diagnosis (CF, PCD, or IB) were more likely to be Caucasian
(i.e., less likely to be African American), when compared to patients without a confirmed RPD
diagnosis. The difference was found to be significant for patients with a confirmed CF (Tukey
two-sided p-value <0.0001) or IB (p-value <0.0001) diagnosis (Figure 3).
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Figure 3. Differences in race by confirmed diagnosis. Displayed is the predicted percentage of
African American patients on the y-axis by confirmed diagnosis on the x-axis. A 95%
confidence interval with total number and percentage of African American patients is shown
for each diagnosis group.

Patients with a confirmed PCD, CF, or IB diagnosis were less likely to be diagnosed with
obesity, when compared to those without a confirmed RPD diagnosis. The difference was
significant for patients with CF (Tukey two-sided p-value 0.0046) and IB (Tukey two-sided
p-value 0.00791) (Figure 4).
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Figure 4. Differences in obesity by confirmed diagnosis. Displayed is the predicted percentage
of obese patients on the y-axis by confirmed diagnosis on the x-axis. A 95% confidence
interval with total number and percentage of obese patients is shown for each diagnosis

The proportion of patients exposed to relatively high levels of PM2.5 was similar among all four

patient groups (Figure 5).
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Figure 5. Differences in PMZ2.5 exposure by confirmed diagnosis. Displayed is the predicted
percentage of patients with relatively high PM2.5 exposure on the y-axis by confirmed
diagnosis on the x-axis. A 95% confidence interval with total number and percentage of
patients with relatively high PM2.5 exposure is shown for each diagnosis group.

The proportion of patients exposed to relatively high levels of ozone was significantly higher
among patients with a confirmed CF diagnosis, when compared to those without a confirmed
RPD diagnosis (Tukey two-sided p-value <0.001). The proportion of patients exposed to
relatively high levels of ozone was similar among patients with a confirmed PCD or IB diagnosis
and those without a confirmed RPD diagnosis (Figure 6).
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Figure 6. Differences in ozone exposure by confirmed diagnosis. Displayed is the predicted
percentage of patients with relatively high nzone exposure on the y-axis by confirmed
diagnosis on the x-axis. A 95% confidence interval with total number and percentage of
patients with relatively high ozone exposure is shown for each diagnosis group.

3.3 Exposure Risk Analysis

3.3.1 Association of Exposure and Diagnosis

To further explore the relationship between airborne pollutant exposure and confirmed RPD
diagnosis, we first examined the overall relationship between Exposure as the explanatory
variable and Diagnosis as the response variable. Exposure (PMLow-OzLow, PMLow-OzHigh,
PMHigh-OzLow, or PMHigh-OzHigh) and Diagnosis (confirmed PCD diagnosis, confirmed CF
diagnosis, confirmed IB diagnosis, or no RPD diagnosis) were found to be significantly
associated under the Chi-Square test of independence using both a theoretical (p-value
<2.2e-16) and simulated (p-value 0) approach. The Fisher test of independence also yielded a
significant result (p-value 0.0005).

3.3.2 Multinomial Model

We then applied a multinomial model to examine the relationship between relative levels of
airborne pollutant exposure (Low, High) and Diagnosis. The fitted multinomial model, including
coefficient significance, is shown in Table 7. The coefficients comparing the highest level of
Exposure (PMHigh-OzHigh) to the lowest level of Exposure (PMLow-OZLow) were significant
for all three diagnosed groups, i.e., PCD (p-value 8.137e-06), CF (p-value 8.438e-15), and IB
(p-value 1.042e-03). The PCD group was somewhat variable, however, in that the coefficient
comparing the PMLow-OzHigh group with the PMLow-OzLow group also was significant
(p-value 0).



Table 7. Coefficient fitted values for multinomial model with exposure as the explanatory
variable and confirmed diagnosis as the response
Diagnosis  Coefficient Name Fitted Value Standard Error P-value
PCD Intercept -4, 752265 0.1969609 0*

Exposure PMLow-0OzHigh -43. 71766291 4. 238361e-16 0.0000 *

Exposure PMHigh-OzLow -0.4238819 0.4543141 0.3508

Exposure PMHigh-OzHigh  2.078117 04657836 8.137e-06 *
CF Intercept -3.477761 0.1052839 o

Exposure PMLow-OzHigh 017624296 3.013977e-01 0.5587

Exposure PMHigh-OzLow -0.1943118 0.2215025 0.3804

Exposure PMHigh-0OzHigh 2056375 0.2649490 8.438e-15"
B Intercept -3 467065 01047392 o*

Exposure PMLow-0OzHigh -0.09681611 3.37346%9e-01 0.7741

Exposure PMHigh-OzLow -0.2050084 0.2212442 0.3541

Exposure PMHigh-OzHigh 1.108379 0.3654803 1.042e-03 *
Coefficient standard error and p-values resulting from a two-sided z-test are provided. Asterisk
(*) indicates p-value < 0.05. Exposure is defined as follows: PMLow-OzLow = relatively low
PM2.5 exposure and relatively low ozone exposure, PMHigh-OzLow = relatively high PM2.5
exposure and relatively low ozone exposure, etc,

3.3.3 Logistic Model

Finally, we applied a logistic regression model to examine the relationship between exposure to
the highest relative levels of airborne pollutants (i.e. High Exposure) and Diagnosis. As seen in
Table 8, the coefficients for the fitted logistic regression between High Exposure (relatively high
PM2.5 exposure and relatively high Ozone exposure) and Diagnosis were significant.



Table 8. Coefficient fitted values for logistic regression with confirmed diagnosis for PCD, CF,
or IB as the explanatory variable and exposure to high levels of both PM2.5 and ozone as the
response variable

Coefficient Name Fitted Value Standard Error P-value
Intercept -3.9296 0.1083 =Ze-16"
Diagnosis PCD 2.2558 0.4579 8.38e-07
Diagnosis CF 2.0837 0.2586 7.70e-16"
Diagnosis 1B 1.2518 0.3612 0.00053*

Coefficient standard error and p-values resulting from a two-sided z-test are provided. Asterisk
(*) indicates p-value < 0.05.

Indeed, the proportion of patients exposed to relatively high levels of both PM2.5 and Ozone
was higher among patients with a confirmed PCD, CF, and IB diagnosis, when compared to
patients without a confirmed RPD diagnosis (Figure 7).

B8 (15.8%)

Percentage High Exposure = 1
with 95% CI

a7 !1 ﬂ“«-l B ——
- Diagnosis -

Figure 7. Differences in the percentage of patients with high levels of exposure to both PM2.5
and ozone were analyzed by logistic regression. Displayed on the y-axis is the predicted
percentage of patients with high levels of exposure to both PM2.5 and ozone by confirmed
diagnosis on the x-axis. A 95% confidence interval with total number and percentage of
patients with high levels of exposure to both FM2.5 and ozone is shown for each diagnosis

group.




5. Discussion

5.1 Key Findings

Our goal with this study was to leverage the ICEES multivariable feature table functionality at
the ICEES RPD endpoint to explore demographic factors and environmental exposures that are
associated with, may predict, and/or may differentiate patients with confirmed PCD, CF, and IB.
Through bivariate analysis, we investigated differences in the distribution of each feature
variable based on confirmed diagnosis. We found that patients with a confirmed IB diagnosis
tended to be female, when compared to those without a confirmed RPD diagnosis. Additionally,
patients with a confirmed PCD or CF diagnosis tended to be younger, while those with a
confirmed IB diagnosis tended to be older, when compared to patients without a confirmed RPD
diagnosis. Finally, when compared to patients without a confirmed RPD diagnosis, those with a
confirmed CF diagnosis tended to be Caucasian, were not likely to be obese, and had relatively
high ozone exposure. Thus, we conclude that sex, age, race, obesity, and ozone exposure
exhibit differential distributions based on confirmed RPD diagnosis.

To further explore the impact of environmental exposures, we investigated the relationship
between confirmed diagnoses of PCD, CF, or IB and high level of overall airborne pollutant
exposure (i.e., PM2.5 and ozone). We found a strong relationship between the three confirmed
diagnoses and overall airborne pollutant exposure, but only at the highest level of exposure (i.e.,
relatively high levels of both PM2.5 and ozone). Thus, we conclude that patients with a
confirmed diagnosis for PCD, CF, or IB tend to be exposed to relatively high levels of PM2.5 and
ozone in our RPD data set. The relationship between airborne pollutant exposure and confirmed
RPD diagnosis is unlikely to be causal; rather, we speculate that high levels of airborne pollutant
exposure may increase the severity of disease thereby making a confirmed diagnosis more
likely.

5.2 Limitations

First, we note that data loss is inherent to the ICEES multivariate table functionality in order to
preserve regulatory compliance. This creates the possibility of bias in the retrieved data set and
may degrade model quality’. However, in this study, the proportion of patients with confirmed
PCD, CF, or IB was similar before and after data multivariate table generation, which provides
confidence in the resultant data set (see Appendix A).

Second, our analysis was limited by the imbalance inherent in the RPD data set, which impeded
our ability to apply a robust predictive analysis. This is a common problem when investigating
rare disease. To account for the imbalance within our data set, we carefully examined the
structure of the data and dropped or combined sparse categories where the imbalance was too
great to provide reliable statistical estimates. This introduced data loss and reduced data
granularity. We are exploring additional methods to account for imbalance.



5.2 Conclusion

Our primary goal with the work reported herein was to develop a proof-of-concept analysis of
rare pulmonary disease utilizing the ICEES multivariate table creation capability to explore
demographic factors and environmental exposures among patients with a confirmed diagnosis
of PCD, CF, or IB for comparison with patients with a suspected but not confirmed diagnosis of
rare pulmonary disease. Several demographic factors and environmental exposures emerged
as worthy of consideration in future studies using the ICEES RPD data set. As such, we note
the value of the ICEES RPD data set as a unique open source of integrated clinical and
environmental exposures data on rare pulmonary disease for in-depth analysis and exploration
of demographic factors and environmental determinants that might influence disease severity
and health outcomes.
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Appendix A

Here, we describe details on the ICEES RPD data set and the methodology we used to
generate and evaluate the multivariate table that was used for subsequent analysis.

A.1 Overview of ICEES RPD Data Set

Our general goal was to develop and apply a multivariate analytic model to the ICEES RPD
data set. The ICEES RPD data set includes EHR data on patients at UNC Health suspected of
having one of three following rare pulmonary diseases, using a complex set of selection criteria:
PCD; CF; or IB. A definitive diagnosis of CF was made by way of an affirmative diagnostic code
in a given patient's EHR and/or by manual physician chart review (i.e., consensus by two
independent physicians). An EHR diagnostic code does not exist for PCD or IB, so a definitive
diagnosis for those rare diseases was made as part of the same physician chart review. Thus,
the final RPD data set includes a mix of patients suspected or confirmed to have PCD, CF, or IB.

A.2 Feature Selection

We selected sex, age, race, obesity, exposure to particulate matter < 2.5-microns in diameter
(PM2.5) or ozone for inclusion in our multivariate data set. The choice of features was based
primarily on our prior work with the ICEES RPD data set’®. As shown in Table 1, all feature
variables were categorical.



Table 9. Selected feature variables with chosen names, original names in ICEES RPD data
set, original coding values, and description

Variable Mame Mame in ICEES RFD Data Set Coding Description

Sex Sex? Mala, Female Biological sex

Age AgeStudyStart =0,=1,...,=64, = B4 yvears Age at baginning one-year
study period

Race Race African American, Self-reported racial identity

Amarican/Alaskan Malive,
Asian, Caucasian, Mative
Hawaiian/Pacific |slandar,
Othar, Unknown

Obesity ObesityDx 0 (Ma), 1(Yes) Obesity diagnosis
PM2.5 Exposure AvgDailyPMZ. 5Exposure_2 1,2, 3,4,5° Average daily exposure to
PM2.5
Ozone Exposure MaxDailyOzoneExposure_2 1,2, 3,4, 5" Maxirmum daily exposure to
Czone
Diagnosis Confirmed_PCD_Dx, Confirmed_CF_Dx, o1 Confirmed diagnosis of rara
Confirmed_ldiopathicBronchiectasisDix pulmonary disease

*PM2.5 exposure limits: 1 = (4.94, 6.07 uyg/m?); 2 = (6.07, 7.19 pg/m’]; 3 = (7.19, 8.32 pg/m?); 4 =
(8.32, 9.44 pg/m?); 5 = (9.44, 10.57 ug/m?]

**Ozone exposure limits: 1= (30.26, 33.70 ppm]; 2 = (33.70, 3712 ppm]; 3 = (37.12, 40.54 ppm]; 4
= (40.54, 43. 96 ppm); and 5 (43.96, 47.38 ppm)].

**Abbreviations: PM2.5 = particulate matter < 2.5 microns in diameter; ug/m® = micrograms per cubic
meter; ppm = parts per million

A.3 Year Selection

The ICEES RPD data set contains data across multiple study periods (i.e., calendar years). The
frequency of patients with a confirmed diagnosis of PCD, CF, or IB will vary across years based
on whether or not a given patient visits UNC Health in any given year. Thus, we analyzed the
frequency of patients with a confirmed diagnosis of PCD, CF, or IB by year, with the goal of
selecting a year for subsequent study that was most enriched for patients with a confirmed
diagnosis of PCD, CF, or IB (Figure 1). We selected the year 2018 for subsequent analysis, as
that year was most enriched in patients for all three RPD diagnoses: PCD, CF, and IB.
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Figure 8. Frequency of patients in the ICEES RPD data set with a positive confirmed diagnosis
by year. Grouped by diagnosis, as defined in Table 1.

A.4 Multivariate Table Generation

Based on our selected feature variables and study period year, we then extracted four mutually
exclusive data sets using the ‘Multivariate Feature Analysis’ function available at the ICEES
RPD OpenAPI endpoint: one for patients with a confirmed diagnosis of PCD; one for patients
with a confirmed diagnosis of CF; one with patients with a confirmed diagnosis of IB; and one
for the remaining patients who were suspected but not confirmed to have a rare pulmonary
disease. These tables were read in using a custom function we created named
readMultivariate Table(). We then collapsed the four tables into one and formatted them to be
patient-level using dplyr.

A.5 Assessment of Data Loss

By nature of the ICEES multivariate algorithm, which was designed to support the generation of
multivariate feature tables while preserving patient anonymity and abiding by all regulatory
restrictions, some level of data loss may be introduced into the produced multivariate feature
tables'. We assessed data loss in the four extracted data sets and in the combined data set by
comparing the total cohort size in 2018 to the cohort sizes for the four selected data sets for
each diagnosis and for the combined data set.

We found that data loss was generally proportional to cohort size but acceptably minimal for
each data set (ranging from 27-1204 patients), thus justifying further analysis, albeit with
imbalances in each data set (Table 10).



Table 10. Data loss through data extraction and processing steps, grouped by diagnosis

Diagnosis Size of Cohort in ICEES  Size of Extracted  Size of Final Patients Lost from
Data Set Cohort (Post ICEES Cohaort to
Removal of Small  Final Cohort
Racial Groups)

MNone a718, 100% 5072, 88.70% 4514, 78.94% 1204, 21.06%
PCD 70, 100% 46, 64.79% 38, 54.29% 32, 45.71%
CF 181, 100% 168, 92.82% 154, 85.02% 27, 14.92%
B 177, 100% 154, 87.01% 140, 78.10% 37, 20.90%
Sum 6146, 100% 5440, 88.51% 4846, 78.85% 1300, 21.15%

Percentages are calculated within rows based on size of cohort in ICEES (column 1).

A.6 Variable Binning

Several of the variables in the ICEES RPD data set were unbalanced and required adjustments
to support reliable statistical analysis. We did this by either dropping distinct categories with
sample sizes that were too small or by combining (rebinning) adjacent categories to achieve
better balance. For example, the race variable was originally distributed as follows: African
American (n=1054); American/Alaskan Native (n=52); Asian (n=86); Caucasian (n=3792);
Native Hawaiian/Pacific Islander (n=7); Other (2131-1) (n=339); and Unknown (n=110).
Because race is a potentially important explanatory variable, it did not seem reasonable to
combine small race categories, so we decided to retain only those racial categories that were
large enough for reliable analysis. Thus, we restricted race to African American or Caucasian,
which decreased the total cohort size from 5,440 patients to 4,846 patients. We also adjusted
three other variables by combining adjacent categories into groups that were coherent and also
large enough to provide reliable statistical estimates. Age was originally coded as =0, =1, =2, ...
, =64, >64 years. We collapsed Age into three bins of reasonable size: 1. [0, 17] (n = 582); 2.
[18, 63] (n = 1700); and 3. [64, 89] (n= 2564). PM2.5 exposure was distributed as: 1. (4.94, 6.07
ug/m?] (n = 222); 2. (6.07, 7.19 ug/m?] (n = 685); 3. (7.19, 8.32 ug/m?] (n = 2694); 4. (8.32, 9.44
ug/m?] (n = 1237); 5. (9.44, 10.57 ug/m?] (n = 8). We collapsed PM2.5 exposure into two bins:
Low (4.94, 8.32 ug/m?] (n = 3601); High: (8.32, 10.57 ug/m?] (n = 1245). Ozone exposure was
distributed as: 1. (30.26, 33.70 ppm] (n = 1); 2. (33.70, 37.12 ppm] (n = 1); 3. (37.12, 40.54 ppm]
(n=33); 4. (40.54, 43. 96 ppm] (n = 4312); and 5. (43.96, 47.38 ppm] (n = 499). We collapsed
ozone exposure into two bins: Low (30.26, 43. 96 ppm] (n = 4347); High (43.96, 47.38 ppm] (n =
499).

A.7 Final ICEES RPD Data Set

The distribution of all feature variables in the finalized data set is shown in Table 1 of the main
manuscript. Briefly, the final cohort tended to be female, older, Caucasian, and non-obese with



low levels of PM2.5 and ozone exposure. The majority of patients were classified as Diagnosis
= None, which was expected given the focus on rare disease and the challenge of finding a
definitive diagnosis for patients with rare pulmonary disease. Among the patients with a
confirmed diagnosis, more patients were diagnosed with CF or IB than PCD, also as expected,
given that CF and IB are more common than PCD.
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