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Abstract

Because chronic obstructive airway diseases like asthma, chronic obstructive pulmonary disease (COPD) and
asthma-COPD overlap (ACO) increase individual susceptibility to the harmful effects of cigarettes, smoking cessation
programs could strengthen their public health impact by targeting smokers with these conditions. We performed
spatial analyses on data derived from the Electronic Health Records (EHRs) of 25,119 asthma, 3,323 COPD, and
3,620 ACO patients and a community-based health survey of 18,740 residents to identify regions in the Greater
Philadelphia Area with a high density of current smokers among patients with obstructive airway diseases and the
general population. We identified areas in North and West Philadelphia with high prevalence of current smokers
across all patient groups and community members that should be prioritized in smoking cessation initiatives.
Neighborhood deprivation, which was linked to patient data using residential geocodes, was associated with greater
smoking prevalence in these regions.

Introduction

Cigarette smoking is a leading cause of morbidity and premature death in the U.S. and has been a target of many
federal and local policy initiatives.!* Asthma and chronic obstructive pulmonary disease (COPD) are common
obstructive airway diseases that increase individual susceptibility to the harmful effects of cigarettes. Among
individuals with asthma, smoking increases symptom severity, accelerates lung function deterioration, and decreases
therapeutic response to corticosteroids.>® Most COPD-related deaths are caused by smoking, and the mortality risk
for smokers with COPD is twice that of smokers with other conditions.*°* People who have both asthma and COPD,
referred to as asthma-COPD overlap (ACO), have more comorbidities and exacerbations than those with asthma or
COPD alone.!*!2 While ACO had been under-studied partly because asthma and COPD trials commonly excluded
patients with both conditions, the recognition that people with ACO have worse outcomes has resulted in it being a
topic of recent interest.!> 14

While no study has explicitly considered the effects of smoking cessation on people with ACO, the beneficial effects
of smoking cessation on those with asthma or COPD are well documented. Smokers with asthma who quit smoking
experience decreased symptoms and improved lung function,” '* while smokers with COPD who quit smoking
experience slower lung function decline and improved survival'® !7 and smoking cessation is considered the most
effective treatment for COPD.!7 Given the high prevalence of obstructive airway diseases in the U.S.!® 1 and the
substantial benefits that smokers with these conditions stand to gain by quitting, smoking cessation initiatives can
increase their public impact by reaching these vulnerable individuals.

Here, we leveraged data derived from Electronic Health Records (EHRs) and a community-based health survey to
understand how smoking cessation campaigns could geographically target patients with asthma, COPD, and ACO.
Our study aimed to (1) determine how smoking status among patients with asthma, COPD, or ACO compares to that
of a representative community sample, (2) identify factors associated with smoking status among patients vs.
community members, and (3) identify geographical areas with high densities of current smokers that should be
prioritized for smoking cessation interventions.

Methods

Study population. Our study population consisted of (1) adults with asthma, COPD, or ACO encountered at the
University of Pennsylvania Health System (UPHS) in 2012-2016, and (2) residents of Southeastern Pennsylvania who
were part of the Southeastern Pennsylvania Household Health Survey (SEPA-HHS, henceforth referred to as HHS).
UPHS operates several large hospitals, specialty medical centers, and satellite clinics in the Greater Philadelphia Area,
including five counties in Southeastern Pennsylvania (Philadelphia, Bucks, Chester, Delaware, and Montgomery
counties, henceforth referred to as SEPA4). We obtained de-identified, patient-level data from Penn Data Store, the
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UPHS clinical data warehouse, which we have used previously to study spatial trends in asthma exacerbations.?% 2!

Variables extracted included geocoded patient residential addresses, codified demographic information (i.e., gender,
birth year, race/ethnicity, height and weight measures), as well as codified smoking history (i.e., whether a patient is
a current smoker, has quit smoking, or never smoked). Medications prescribed during encounters were obtained from
codified entries as well as NLP-extracted values from clinical notes. Patient insurance class was obtained from an
encounter-level codified billing field that was re-categorized into four groups: Private Insurance, Medicare, Medicaid,
and Other/no insurance. Patients were assigned the most frequently occurring insurance class among all encounters.
Patient age was defined as age at first encounter.

For the current study, patients were included if they had: (1) at least one ICD-9 or ICD-10 code for asthma (i.e. ICD-
9 493* or ICD-10 J45*) or COPD (i.e. ICD-9 491%*, 492*, or 496*; ICD-10 J41*, J43*, or J44%*), (2) non-missing
smoking history, (3) non-missing residential geocode and (4) residence within SEPA. Patients were classified as
having asthma if they had at least one ICD code for asthma, prescription for a short-acting B2-agonist, and did not
meet the criteria for COPD. Patients were classified as having COPD if they had at least one ICD code for COPD,
prescription for a short-acting B2-agonist or short- or long-acting muscarinic antagonist, and did not meet the criteria
for asthma. Patients were classified as having ACO if they met the diagnosis and medication criteria for both asthma
and COPD.

The HHS, a community-based survey of SEPA residents conducted by the Public Health Management Corporation
(PHMC) in 2012 and 2015, was a random-digit-dialing mobile and home telephone survey that aimed to capture the
health status and behaviors of the local population and included survey items on individual-level demographics (e.g.,
age, gender, race, BMI, health insurance status) and smoking history. PHMC recorded residential street addresses or
nearby cross-streets of survey respondents, which were used to match respondents to residential census tracts.

Neighborhood disadvantage metrics. While little information on socioeconomic status (SES) is collected in EHRs,
residential geocodes can be used to link patient data to high-resolution information on neighborhood environments.?’
We sourced data on neighborhood SES from the Neighborhood Atlas, an online tool that provides a standardized score
for neighborhood disadvantage, termed the area deprivation index (ADI), for all block groups in the U.S.2%2* ADI is
a factor-based score that captures multiple dimensions of SES (poverty, education, employment, housing quality) by
combining several measures from the 2013 American Community Survey Five Year Estimates.? It has been validated
for detecting socioeconomic gradients in a number of health outcomes, including cancer mortality?* and hospital
readmission risk.?> 2 Block group ADI is reported
as a national percentile ranking (taking integer
Neighborhood  values 1-100) indicating each block group’s
disscivantage economic deprivation relative to all others in the
percentile . . .
U.S., with higher values representing greater
=21 “100 disadvantage. The geographic distribution of ADI in

-90

W50 the SEPA region is shown in Figure 1. We
61-70 determined neighborhood disadvantage for each
51-60 patient by using residential geocodes to link their
a1=s0 EHR-derived data to their block group ADI, which

.21 :‘3‘2 was then transformed to an ordinal variable with

W20 four levels (1-15, 16-50, 51-84, and 85-100).

Wi -o

Statistical analysis. Three smoking-related rates
were computed for each patient group (asthma,
2 a0km COPD, ACO) and HHS: current smoker prevalence,
ever smoker prevalence, and smoking cessation rate.
Figure 1. SEPA block groups shaded by neighborhood Current smoker prevalence was defined as the
disadvantage as a national percentile ranking. Red colors denote ~ proportion of subjects who currently smoke, and
more and blue colors denote less disadvantage than the national — ever smoker prevalence was defined as the
median. County boundaries are represented by black lines, and proportion of subjects with a positive Smoking
county names are abbreviated as follows: PHI = Philadelphia, BUC history. Smoking cessation rate was defined as the
= Bucks, CHE = Chester, DEL = Delaware, MON =
Montgomery. The inset map in the upper left-hand corner shows
Pennsylvania counties with the SEPA region shaded.

proportion of subjects who quit smoking among
those with a positive smoking history. Note that
while the total population served as the denominator
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for current and ever smoker prevalence, only those with a positive smoking history formed the denominator for
smoking cessation rate.

Rates for community members were calculated using survey weights provided by HHS to correct for nonresponse
bias, allowing estimates to more accurately reflect the SEPA population. Patient rates were standardized by gender,
race, sex, and county residence using weighted HHS as the standard population via the direct method.?’ Briefly,
patients within each disease group were cross-tabulated by gender, race/ethnicity (“Non-Hispanic black,” “Non-
Hispanic white,” “other”), age (18-34, 35-54, 56-74, >75), and county residence, for a maximum of 120 cells, and
cells were collapsed in some patient groups to avoid cells with count 0. Subsequently, standardized rates for each
patient group were calculated as the weighted average of cell-specific rates, where weights represented the relative
frequency of each demographic combination in the weighted HHS sample.

We produced choropleth maps for rates aggregated at the census tract level to visualize the geographic distribution of
smoking behaviors across the three patient groups and HHS. To correct for instability of rates estimated from small
samples (median census tract n = 7, IQR = 3-15), we applied an empirical Bayes estimation method for small area
prevalence of non-rare conditions, where crude rates were corrected towards local, county-wide means to a degree
inversely proportional to the sample size.?® Regional differences in patient smoking behavior compared to that of local
community members were visualized by subtracting HHS rates from those of each patient group for all census tracts.

We performed two-tailed Wald tests to test the null hypothesis that the difference between each smoking-related rate
for each patient group vs. HHS equaled 0. To determine whether demographic factors (i.e., gender, race, age, BMI
category, insurance billing class, county residence, and neighborhood disadvantage) were associated with smoking
cessation for each group, we used multivariable logistic regression analyses. A separate model was constructed for
each group (asthma, COPD, ACO, and HHS). Statistical analyses were conducted with a type I error rate of 0.05 and
performed in R version 3.5.1.%

Geospatial analysis. We identified significant smoking cessation cold spots (i.e., regions where the relative density
of current smokers was high) for each patient group and HHS using methods described previously.*® Briefly, we used
generalized additive models (GAM) to estimate the log odds of smoking cessation among subjects with a lifetime
smoking history as a function of their location of residence before and after adjustment for individual-level covariates.
Because residential geocodes were not provided by HHS, the residential location of each HHS respondent was
approximated with the mean center of population for their census tracts of residence.’! The GAM included a bivariate
smooth term S(x,y) smoothed using a loess function, a locally-weighted regression smoother which adapts to local
variation in patient/respondent density. The amount of neighboring points utilized by the loess was determined by a
span size optimized by minimizing the Akaike Information Criterion.

We used GAM to determine the log odds of
a .. b.. smoking cessation on a grid of 10,000 points
arranged across SEPA, which was converted to

s 0.75- 07 Smoking history: N K
£ g Never an odds ratio by using the global odds of
3 g Quit smoking cessation within each patient group as
o 0.25- A~ 0.25-
n e I. B Current reference. Two GAM models were fit for each
o AHEEm_ oo | [ .
R N patient group and for HHS respondents: one
IR . A S & W& T . h d . h . d . d 1 1 1
Age category Age category wit an one without 1ndividual-leve
C . d.. covariate adjustment, for a total of eight
models. Variables selected for adjustment
5" s were the significant independent predictors of
b= . . .
g oso- § 0w smoking cessation as determined by
<] 9] . . .. .
& oz ll II & oz [ multivariable logistic regression: gender, race,
00 -—— 2o IR mEEn-_ age at first encounter, BMI category, insurance
b > > Y > B 3 ' 3 > > > l > Nl . . . .
L T S S P billing class and neighborhood disadvantage.
Age category Age category

o County residence was not included in adjusted
Figure 2. Smoking history by age category among (a) asthma, (b) COPD,  models to prevent over-fitting. Global tests

29

and (c¢) ACO patients and (d) HHS respondents. The proportion of “ever were performed to test the null hypothesis that
smokers is the combined height of the proportion of “current” smokers smoking cessation rates did not vary by

and those who have “quit” smoking. geographic location by running 999
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Table 1. Characteristics of 2012-2016 UPHS patients with asthma, chronic obstructive pulmonary disease (COPD)
and asthma-COPD overlap (ACO) and respondents surveyed by the 2012 & 2015 Southeastern Pennsylvania

Household Health Survey (HHS). Shown are median (IQR) for age and counts (%) for other variables.

Asthma COPD ACO HHS

Total 25,119 8,323 3,620 18,740
Age (IQR) 40 (28, 54) 67 (59, 76) 61 (53,71) 53 (43, 64)
Female 18,041 (71.8) 4,181 (50.2) 2,380 (65.7) 11,638 (62.1)
Race

Non-Hispanic White 11,654 (46.4) 5,073 (61.0) 1,446 (39.9) 13,095 (69.9)

Non-Hispanic Black 10,178 (40.5) 2,645 (31.8) 1,924 (53.1) 3,900 (20.8)

Hispanic 1,201 (4.8) 117 (1.4) 101 (2.8) 936 (5.0)

Other 2,086 (8.3) 488 (5.9) 149 (4.1) 809 (4.3)
County residence

Philadelphia 13,721 (54.6) 4,427 (53.2) 2,425 (67.0) 7,260 (38.7)

Bucks 1,646 (6.6) 685 (8.2) 179 (4.9) 2,743 (14.6)

Chester 3,700 (14.7) 1,209 (14.5) 362 (10.0) 2,758 (14.7)

Delaware 3,367 (13.4) 1,061 (12.7) 363 (10.0) 2,821 (15.1)

Montgomery 2,685 (10.7) 941 (11.3) 291 (8.0) 3,158 (16.9)
Smoking status

Never 15,773 (62.8) 809 (8.1) 707 (17.9) 10,432 (55.7)

Quit 6,007 (23.9) 5,007 (50.2) 1,885 (47.7) 5,252 (28.0)

Current 15,773 (13.3) 809 (25.1) 707 (26.0) 3,056 (16.3)

permutations of the assignment of cases (those who quit smoking) and controls (those who did not) over all residential
locations. Given a significant global test, a local test was performed to identify areas of increased or decreased odds
of smoking cessation. The model fit to the permutations was used to produce a distribution of log odds at each point
on the grid, and points that ranked in the upper and lower 0.5% of the permutation distributions were defined as “hot
spots” and “cold spots”, respectively. GAM analyses were performed in R using the MapGAM package.>

Results

Characteristics of patient groups and community members. A total of 71,029 patients encountered by UPHS between
2012 and 2016 met the criteria for asthma and/or COPD. Of these, 16,530 (23%) were excluded for missing residential
geocodes, 12,655 (18%) were excluded for residence outside SEPA, and 4,782 (7%) were excluded for missing
smoking history, leaving 37,062 patients for geospatial analysis and the calculation of smoking-related rates. Of
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Figure 3. Standardized current smoker prevalence, ever smoker
prevalence, and smoking cessation rate colored by patient
group or HHS. Error bars represent 95% confidence intervals.

included patients, 25,119 (68%) were classified as
having asthma, 8,323 (22%) were classified as having
COPD, and 3,620 (10%) were classified as having ACO.
A total 20,066 HHS respondents were surveyed in 2012
and 2015. Of these, 102 (0.5%) were excluded for
missing smoking history, 555 (3%) were excluded for
missing residential census tract information, and 669
(3%) were excluded for missing demographic
information (age or race/ethnicity), leaving 18,740
respondents for estimation of local population rates.

Demographic characteristics of UPHS patients and HHS
respondents are provided in Table 1. The distribution of
characteristics vary considerably between patients and
HHS respondents, accentuating the importance of
adjusting group-specific rates by demographic factors so
that they can be compared appropriately. The median
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ages of COPD and ACO patients were older than that of HHS respondents, while the median age of asthma patients
was younger. Asthma and ACO patients were disproportionately female (asthma 71.8%, ACO 65.7% versus COPD
50.2%) and Non-Hispanic black (asthma 40.5%, ACO 53.1% versus COPD 31.8%), consistent with findings from
previous studies of asthma and COPD in UPHS and other patient populations.!® 2! All groups were enriched for
subjects that lived in Philadelphia relative to other counties, though this enrichment was more pronounced in patient
groups than HHS.

Differences in smoker characteristics between patient groups and community members. Smoking history varies
markedly by age among asthma, COPD and ACO patients, and HHS respondents (Figure 2). Although COPD and
ACO patients have higher proportions of current and ever smokers for all age groups, the distributions of ever smokers
show a roughly unimodal distribution across all groups, with highest rates in middle to older age (45-74). The
distribution of current smokers is also roughly unimodal across all groups, with peaks that occur at relatively younger
ages (25-54) compared to ever smoker distributions.

Standardized rates of smoking and smoking cessation vary by patient group (Figure 3). Current smoker prevalence
was higher among COPD (35.5 %) and ACO patients (31.5%) compared to HHS respondents (17.9%), (p < 0.001 for
both comparisons). However, current smoker prevalence was lower among asthma patients (10.3%, p < 0.001).
Similarly, ever smoker prevalence was higher in COPD and ACO patients compared to HHS respondents (COPD =
77.7% and ACO = 71.9% vs. HHS = 43.4%, p < 0.001 for both comparisons), while ever smoker prevalence was
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Figure 4. Choropleth maps of SEPA census tracts shaded according to subject counts (top row) or smoking-related rates
(bottom three rows). Rates were corrected for small sample variability via an empirical Bayes method in which crude estimates
were corrected toward county means to a degree inversely proportional to tract-level sample size. Tracts with no data to
calculate rates are colored white, and county boundaries are represented by black lines.
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Asthma COPD ACO lower among asthma patients (38.1%, p <
0.001). Rates of smoking cessation were

similar between ACO patients and HHS

::;z:; . respondents (57.8% vs. 58.7%, p = 0.47).
prev. (%) Eg;’st”;fosgs Smoking cessation rates were also similar
and HHS between COPD patients and HHS
B «200s  respondents, though the difference reached
W @020 marginal significance (55.4% vs. 58.7%, p =
snfglf:ng :;5001200]0] 0.03). In contrast, §moking cesgati.on rates
prev. (%) :fivof-f:.o] among asthma patients were significantly
(00180 higher than that of HHS respondents (74.0%

B 00300 yg 58.7%, p <0.001).
Smoking Geographic distribution of chronic airway
c;stza(:i/o)n disease patients by smoking status. Current

and ever smoker prevalence estimates for
Philadelphia census tracts were generally

Figure 5. Choropleth maps of SEPA census tracts shaded according to rate hlgher than those of the suHoundlng
differences between patient groups and HHS, with red colors denoting tracts ~ counties, and this trend held across patient
in which rates estimated from patient data are greater than rates estimated ~ groups and HHS (Figure 4). In addition,
from HHS and grey colors denoting tracts in which rates estimated from  smoking cessation rates were generally
patient data are lower. Tracts with no data are colored white, and county  lower in Philadelphia census tracts than
boundaries are represented by black lines. those of the surrounding counties across all

groups. Among the suburban counties,
smoking rates appeared to be higher in Chester and Delaware compared to Bucks and Montgomery, especially among
COPD patients, though this trend was less striking among HHS respondents. As a result, positive rate differences were
evident in Chester and Delaware counties, where smoking rates tended to be higher in patient groups compared to
HHS (Figure 5), though we did not test for statistical significance. The higher smoking rates among COPD and ACO
groups compared to HHS extended across all SEPA census tracts, and this difference in rates does not exhibit a
discernible spatial trend (Figure 5).

Neighborhood disadvantage measures. Block group-level neighborhood disadvantage measures are shown in Figure
1 for the five SEPA counties studied. Philadelphia county encompasses many highly disadvantaged neighborhoods,
with over one-fifth of its block groups ranking among the nation’s most disadvantaged (91-100™ percentile). The
surrounding suburbs (Bucks, Chester, Montgomery, Delaware counties) are markedly more affluent, with large
regions that rank among the nation’s bottom 10" percentile in neighborhood disadvantage.

Factors associated with smoking cessation. Multivariable analyses found that older age and overweight/obese BMI
were consistent independent predictors of smoking cessation across patient groups and HHS (Table 2). On the other
hand, Medicaid insurance (a crude indicator of low individual-level SES) and neighborhood disadvantage (an indicator
of low neighborhood-level SES) were consistent independent predictors of subjects not quitting smoking.

Spatial trends in smoking cessation rates. Smoking cessation rates were heterogencous in SEPA across all groups
(Figure 6). The global test statistic for spatial heterogeneity was significant for all 8§ GAMs (p<0.01), indicating there
was significant spatial heterogeneity in smoking cessation rates, and these trends were not fully explained by the
covariates considered. The cold spots identified by the crude models (top row of Figure 6) showed considerable
overlap, particularly in North and West Philadelphia, suggesting that smoking cessation rates were low (i.e., relative
proportion of current smokers was high) for all patient groups and community members in these regions. While spatial
trends were still present in the adjusted models (bottom row of Figure 6), the cold spots in North and West Philadelphia
were absent, suggesting that the decreased smoking cessation rates in these regions were explained by spatial variation
of the covariates considered.

Discussion

A strong evidence base supports the effectiveness of community-based interventions for smoking cessation.?*3* Policy
makers interested in maximizing the impact of smoking cessation programs determine how to target groups that are
most susceptible to the harmful effects of cigarettes and identify regions with the greatest number of current smokers.
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We leveraged data derived from EHRs and a community-based survey to understand the smoking characteristics of
patients with asthma, COPD and ACO relative to those of local populations, and we determined where smokers in
these groups live. We found smoking rates among ACO and COPD patients to be nearly twice as high as those
estimated from community members, and smoking rates among asthma patients to be somewhat lower than local
community estimates. In addition, while smoking cessation rates were not substantially different between COPD and
ACO patients vs. community members, cessation rates were significantly higher among patients with asthma. The
high prevalence of smoking among patients with COPD and ACO highlights the need for smoking cessation programs
that target these patients. Although smoking rates were lower among patients with asthma, the number of smokers
with asthma were substantial, accounting for over 90% of smokers in our patient population. Because asthma is highly
prevalent in Philadelphia,®> smokers with asthma should not escape the notice of local policy makers.

Table 2. Factors associated with smoking cessation among UPHS patients with a positive smoking history,
stratified by patient group and HHS. Adjusted odds ratios (ORs) were derived from multivariable logistic
regression models with smoking cessation as the outcome. Shown are ORs and 95% confidence intervals, with

significant results in bold.

Asthma COPD ACO HHS
(N =9,066) (N =17,967) (N = 2,825) (N = 8,185)

Sex

Male Reference Reference Reference Reference

Female 1.52 (1.36, 1.69) 1.09 (0.98, 1.21) 0.85(0.70, 1.02) 1.00 (0.90, 1.11)
Age

18-24 Reference Reference Reference Reference

25-34 1.35 (1.15, 1.59) 0.40 (0.04, 3.93) 0.68 (0.13, 4.00) 2.60 (1.69, 4.10)

35-44 1.41 (1.19, 1.67) 0.43 (0.05, 3.71) 0.99 (0.22, 5.23) 4.65 (3.08, 7.23)

45-54 1.70 (1.44, 2.00) 0.68 (0.08, 5.78) 1.58 (0.37, 8.16) 4.44 (2.96, 6.84)

55-64 3.27 (2.72,3.95) 1.43 (0.17, 12.13) 3.04 (0.70, 15.62) 6.63 (4.42,10.22)

65-74 12.7 (9.4,17.5) 2.73 (0.32,23.22) 9.17 (2.08, 47.86) 17.1 (11.1, 26.9)

75-84 46.2 (23.7,103.9) 5.91 (0.69, 50.48) 23.9 (5.2, 128.9) 37.5 (23.7, 60.7)

>85 109.4 (23.7,1,915.6)  10.64 (1.22, 92.66) 97.6 (14.3, 988.0) 65.7 (35.3,128.4)
Race

Non-His White Reference Reference Reference Reference

Non-His Black 0.82 (0.71, 0.94) 0.98 (0.85, 1.13) 1.19 (0.93, 1.53) 0.68 (0.58, 0.79)

Hispanic 0.96 (1.21, 1.53) 1.18 (0.74, 1.89) 0.92 (0.54, 1.58) 1.03 (0.80, 1.32)
Other 1.15(0.93, 1.43) 1.05 (0.83, 1.34) 1.23(0.73, 2.10) 1.02 (0.78, 1.35)
BMI category
Not overweight or obese Reference Reference Reference Reference
Overweight 1.28 (1.12, 1.47) 1.29 (1.13, 1.47) 1.30 (1.02, 1.66) 1.46 (1.30, 1.65)
Obese class 1 1.19 (1.03, 1.37) 1.46 (1.25, 1.70) 1.58 (1.21, 2.05) 1.72 (1.49, 1.98)
Obese class 2 1.60 (1.35, 1.89) 1.58 (1.29, 1.94) 2.23 (1.65, 3.02) 1.89 (1.53, 2.32)
Obese class 3 1.65 (1.40, 1.94) 1.98 (1.57, 2.50) 2.33(1.73,3.15) 2.45(1.93,3.11)
Insurance class
Private Reference Reference Reference Reference
Medicare 0.51 (0.43, 0.60) 0.92 (0.79, 1.07) 0.74 (0.57, 0.96) 0.44 (0.38, 0.52)
Medicaid 0.38 (0.33, 0.42) 0.63 (0.52, 0.75) 0.47 (0.36, 0.61) 0.55 (0.47, 0.65)
Missing/no insurance 0.14 (0.02, 0.61) No data No data 0.48 (0.39, 0.58)
County residence
Philadelphia Reference Reference Reference Reference
Bucks 1.06 (0.83, 1.36) 1.38 (1.10, 1.74) 1.43 (0.88, 2.35) 0.93 (0.78, 1.10)
Chester 0.94 (0.79, 1.12) 1.06 (0.89, 1.28) 1.28 (0.89, 1.85) 1.02 (0.85, 1.23)
Delaware 1.13 (0.96, 1.34) 1.24 (1.04, 1.48) 1.34 (0.96, 1.88) 0.88 (0.75, 1.03)
Montgomery 1.02 (0.83, 1.26) 1.50 (1.22, 1.85) 2.06 (1.35, 3.20) 1.12 (0.94, 1.33)
Neighborhood deprivation
1-15 (least disadvantaged) Reference Reference Reference Reference
16-50 0.60 (0.52, 0.71) 0.84 (0.71, 0.98) 0.69 (0.49, 0.95) 0.57 (0.49, 0.66)
51-84 0.54 (0.44, 0.65) 0.75 (0.61, 0.91) 0.68 (0.47, 0.97) 0.40 (0.33, 0.49)
85-99 (most disadvantaged) 0.45 (0.37, 0.55) 0.63 (0.51, 0.79) 0.65 (0.44, 0.94) 0.33 (0.26, 0.41)
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Factors associated with smoking cessation were similar across patient groups and HHS. Consistent with reports from
the U.S. and other developed nations that the most deprived groups have the highest smoking rates and the lowest
rates of quitting,’¢-*® those with a positive smoking history across all groups were less likely to quit if they had low
individual-level SES (coarsely identified by Medicaid insurance status) or lived in disadvantaged neighborhoods.
These results reaffirm the need to target smoking cessation interventions toward disadvantaged communities. Obesity
also had a robust association with subjects quitting smoking, though this was likely an instance of reverse causation,
as smoking suppresses appetite and individuals who quit smoking tend to gain weight.>*4°

Our unadjusted geospatial models identified consistent cold spots for smoking cessation in North and West
Philadelphia (Figure 6 top row), regions with high neighborhood disadvantaged relative to SEPA and nationally
(Figure 1). The loss of these cold spots in adjusted models confirmed the association of smokers’ neighborhood
socioeconomic environment with quitting smoking status. Additionally, our results are promising from a policy
perspective because the consistency of these cold spots indicates that initiatives that target areas with low smoking
cessation rates in the general population may also target similar high-needs areas for populations with specific
diseases. However, overlapping hotspots in Bucks and Montgomery county remained in the adjusted models for
asthma and COPD patients, and a partially overlapping hotspot remained in the adjusted model for HHS. These
hotspots suggest that the higher rates of smoking cessation in these regions cannot be fully explained by their relative
affluence or the spatial distribution of the other covariates considered. Investigating the smoking-related policies in
these communities could uncover the drivers of high smoking cessation rates in these regions and provide insights on
effective steps that can be pursued in regions with low cessation rates.

Our findings are subject to limitations, including those inherent to analyses of EHR-derived data. Phenotyping errors
can result from the use of ICD codes for the classification of disease status, though the combination of diagnosis codes
with additional EHR components, such as medication information (e.g. prescriptions of short-acting B2-agonist or
short- or long-acting muscarinic antagonist used in the present analysis), can improve phenotyping performance.*!
Future analyses will incorporate other EHR data, such as information from clinical notes, to further improve
phenotyping accuracy. Another limitation common to EHR-derived data is data missingness. The variable with the
highest degree of missingness in our EHR-derived data was patient residential geocodes, which were missing for 23%
of patients. While the distributions of basic demographic characteristics (age, race, gender) were similar between
patients with and without residential geocode information (data not shown), the lack of geocode information for
patients in the latter group prevented us from ascertaining information about their neighborhood SES. Thus, we could
not determine whether neighborhood socioeconomic environments differed between patients with missing and
available geocode information. Given the strong associations between neighborhood disadvantage and smoking
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Figure 6. The spatial odds ratio for smoking cessation calculated for asthma, COPD, and ACO patients and HHS respondents who
had a positive smoking history. The top row represents odds ratio surfaces estimated from unadjusted models, while plots in the
bottom row include adjustment for individual-level covariates (i.e., gender, race/ethnicity, age, BMI, insurance billing class, and
neighborhood disadvantage). Regions shaded blue represent areas where the odds of quitting smoking are below the global mean
and areas shaded red represent areas where the odds of quitting smoking are greater than the global mean. County boundaries are
represented by grey lines. Significant cold spots (with decreased rates of smoking cessation, p < 0.005) are indicated by blue
contour lines, and significant hot spots (with increased rates of smoking cessation, p < 0.005) are indicated by red contour lines.
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behaviors noted in the present analysis, it is unclear how the exclusion of patients without geocodes may have biased
our results. A smaller, though not insignificant, proportion of patients (~7%) were excluded for missing smoking
history. A disproportionate percentage of patients who were excluded for missing smoking history were Non-Hispanic
black (41.3% vs. 30.1%) and lived in more disadvantaged neighborhoods (median ADI = 69 vs. 36), indicating a
systematic bias in the ascertainment of smoking history among UPHS providers. Though the relatively small number
of patients excluded for missing smoking history is unlikely to change our primary results, this bias in the
ascertainment of smoking history warrants further investigation. The GAM models used in our analyses mapped the
spatial distribution of smoking cessation rates without explicitly modeling spatial autocorrelation, and future analyses
can incorporate geographically weighted regression or spatial autoregressive models to account for spatial dependence
directly. In addition, future analyses can incorporate patients with non-respiratory health conditions, such as coronary
heart disease and hypertension, to understand smoking characteristics across other susceptible patient populations.

A commonly cited limitation of EHR-derived data is a lack of variables, such as socioeconomic factors, that are
relevant to the study of many health outcomes.!? We leveraged residential geocodes available in EHR-derived data to
link patient data to high-resolution data on neighborhood disadvantage. The robust associations that we found between
patients’ neighborhood disadvantage and their smoking status mirrored similar trends found using data from a
population-based survey, thus demonstrating the utility of augmenting EHR-derived data with external geospatial
variables through the use of residential geocodes. Factors that would be of interest to studies of other health-related
behaviors that can be linked to EHR-derived data via similar methods include data on green spaces, walkability, crime,
and locations of tobacco or alcohol outlets.

Conclusion

The efficacy of smoking cessation programs can be greatly enhanced by targeting regions with high prevalence of
current smokers, particularly among those with obstructive airway diseases, which increase individual susceptibility
to the harmful effects of cigarettes. We leveraged EHR-derived data on asthma, COPD, and ACO patients and data
from a community-based health survey to identify several coinciding regions in North and West Philadelphia that had
high densities of current smokers across patient groups and community members. These areas should be prioritized in
smoking cessation initiatives.
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