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Abstract

Electronic health record (EHR)-derived data has become an invaluable resource for biomedical research, but is
seldom used for the study of the health impacts of social and environmental factors due in part to the unavailability
of relevant variables. We describe how EHR-derived data can be enhanced via linking of external sources of social,
economic and environmental data when patient-related geospatial information is available, and we illustrate an
approach to better understand the geospatial patterns of asthma exacerbation rates in Philadelphia. Specifically, we
relate the spatial distribution of asthma exacerbations observed in EHR-derived data to that of known and potential
risk factors (i.e., economic deprivation, crime, vehicular traffic, tree cover). Areas of highest risk based on integrated
social and environmental data were consistent with an area with increased asthma exacerbations, demonstrating that
data external to the EHR can enhance our understanding of negative health-related outcomes.

Introduction

Electronic health records (EHRs) offer convenient and low-cost access to longitudinal data for large numbers of
patients, which have made them an invaluable resource for biomedical research. EHR-derived data has been used to
drive a number of research pursuits, including the creation of genetic and tissue biobanks,'™ recruitment of subjects
for health studies,”® and the establishment of phenotype and comorbidity relationships in real-life populations.”"!
Despite advances made in these areas, EHR-derived data is less often used in studies that consider social and
environmental exposures due to the relatively narrow scope of EHR-derived variables and potential biases in patient
populations utilizing health systems compared to all those residing at specific locations. Currently, efforts are
}16nderway to augment EHR-derived data by capturing personal data from social media, apps, and wearable devices.'>

Here, we use a complementary approach to enhancing EHR-derived data in which residential addresses and other
location data derived from EHRs are used to link clinical data to rich and diverse sources of social, economic and
environmental variables to aid in the identification of factors driving health risks beyond what is possible with EHR
data alone. The utility of this approach is illustrated by visualizing, analyzing, and integrating several sources of
geospatial data to better understand asthma exacerbation rates in Philadelphia observed in EHR-derived data.

Linking Geospatially Varying Data to EHR-Derived Data

There are four steps involved in linking EHR-derived data to geospatially varying data: (1) identify and obtain
geospatial variables from the EHR, (2) select external sources of geospatially varying data, (3) integrate EHR-derived
data to external data sources via a geospatial or spatiotemporal link, and (4) assess associations between health
outcomes derived from the EHR to geospatial trends. The first step is generally straightforward in terms of
computational feasibility, as geospatial data variables that are collected by the health system can be found in codified
EHR entries (e.g., residential addresses obtained for communication and billing purposes). Additionally, information
about a person’s place of work or education may be located in clinical notes where it can be mined, or in the case of
school-aged children, place of education could be inferred from residential addresses and school district zone maps.
Of utmost importance, prior to using geospatial information for patients, appropriate authorization by an Institutional
Review Board (IRB) must be granted. Patient addresses are Protected Health Information under U.S. law, and cannot
be used for research unless proper authorization is obtained. Depending on the research question, coarse spatial
resolution at the level of census tracts or zip codes may suffice, while in other cases, geocodes are preferable. Ideally,
any necessary geocoding is performed by a designated group at an institution with expertise and authority to determine
whether and how to use tools for this purpose (e.g., can an external resource like Google Maps API be used?).

Next, researchers must determine which external sources of geospatial data are useful and available to complement
specific EHR-based studies. A key consideration in the selection of external data sources is data quality. Incorporating
data from sources of questionable quality can greatly compromise the validity of a study’s findings, and researchers
should read the documentation of data sources carefully, screening for potential bias and random error. There is a
diverse range of high quality and resolution U.S. geospatial data on social, economic, and environmental factors that
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exist in the public domain. Socioeconomic status (SES)
variables are often obtained for people in epidemiologic
studies by linking their geographic residence to data
that the U.S. Census Bureau releases, including the
American Community Survey (ACS) and the American
Housing Survey (AHS). ACS data has been used to
detect socioeconomic gradients for a variety of health
outcomes, including cancer incidence'” and childhood
obesity."® AHS data, which contains information on
U.S. housing quality and amenities, has been utilized to
study the relationship between housing quality and
asthma incidence,'’ as well as the mitigating effect of
air conditioning on the adverse health effect of particle
pollution.”® The U.S. Environmental Protection Agency
(EPA) releases several data products on the U.S.
physical environment, including EPA Air Data, which
have been used in health studies to estimate exposure to
air pollution.'” *' State and local governments also
release data that are useful for the study of health
outcomes. For example, the City of Philadelphia shares
. municipal-level information on an open data website®
ases00231 [ FEMALE - BLACK "’4 st that includes an urban tree canopy dataset that was used

859308590 )/ FEMALE 24 BLACK /693

foosazasar | mace o srack  fosra o b to measure associations between tree cover and gun
AR [ MALE i WHITE _[1208 Pine Stre assault.” ** Crime data released by the Philadelphia
Police Department has been used to study the
association between crime density and adolescent
firearm homicide.” ** Data on traffic maintained by
state departments of transportation have been used to
estimate exposure to traffic-related air pollution.”’

EHR DATA EXTERNAL DATA

Figure 1. Geospatial variables derived from the EHR can
be used to link health data to external sources of
geospatial data on the social and physical environment.

The third step, data integration, occurs after geospatial variables have been obtained from EHRs and external sources.
Methods for linking EHR-derived data to geospatial data are determined, in part, by the geospatial data type. Broadly,
these data types include: point data, line data, raster data, area-based measures, and measurements taken at discrete
locations. We assume that the geospatial variables obtained from EHRs are geocoded residential addresses, but similar
approaches exist for linking broader-scale data (i.e., residential census tracts or zip codes). Point data, such as locations
of crime incidents, traffic accidents or alcohol outlets, can be linked to residential address by summing the number of
events within a circular buffer of the residence™ or by estimating the local density of events through kernel density
estimation.”> ?® Line data, which represent linear features such as rivers or roads, are linked to residential location via
creation of indicator variables that are assigned according to residence proximity to a linear feature (e.g., whether a
patient residence is located within 100 m of a highway). Road network data may contain additional values, such as
traffic count, which allow for calculation of more refined variables, like traffic density.”” Raster data, composed of
values stored in grid cells, includes aerial images, land cover, and land use. A simple way of integrating raster data to
residential location is to quantify a raster feature within a circular buffer of a residential location, such as the percentage
of tree cover within a 250-m buffer of a subject’s residential address.”” Area-based measures, such as SES variables
documented by the ACS, can be readily linked to residential address by determining which boundaries the residence
is located within (e.g., the census tract or block group in which the patient resides).'”'® Measurements taken at discrete
locations, including data from stationary air pollution monitors operated by the EPA, can be used to spatially
interpolate air pollution exposure at a residential location via inverse distance weighting.'

Finally, once data integration is complete, the association of EHR-derived health outcomes to geospatial trends can
be measured. External geospatial data variables are commonly treated as additional covariates in regression models.
Alternatively, spatial autocorrelation of these external variables can be modeled explicitly.”*'

Known Relationships Between Asthma Exacerbations and Social and Environmental Variables

Asthma is a common chronic disease that affects one in every twelve children and one in every thirteen adults
nationally.” ** Exacerbations, which are episodes of worsening asthma symptoms requiring the use of systemic
corticosteroids to prevent serious outcomes, significantly impact patients’ quality of life and are a source of substantial
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healthcare costs.**>” Many social and environmental factors are known to predispose asthma patients to exacerbations.

Traffic-related air pollution, believed to induce airway inflammation and hyper-responsiveness, is a well-documented
trigger of asthma exacerbations.” Asthma morbidity has been associated with several factors representative of low
SES, including low educational attainment,” working class occupation,” unemployment,”' and low household
income.*""** Crime has also been documented as a risk factor for asthma morbidity, with studies in children linking
violence and violent crime to asthma symptom severity,”** and studies in adults associating residence in regions of
high crime with decreased adherence to asthma medication.* The physiologic mechanism underlying increased
morbidity as a result of exposure to crime is thought to be stress, which upregulates mediators of allergic response and
alters airway structure and functioning.** *

Urban trees have many documented health benefits, including reduction of air pollution and heat; promotion of
physical activity and mental health; and reduction in rates of violence and crime.”™* However, their effect on asthma
is less clear. The ability of urban trees to mitigate air pollution have led some to hypothesize that they could benefit
respiratory health,””>' but the link between tree pollen and the exacerbation of asthma have raised concerns that urban
trees could, instead, exert a negative effect.?”>? Studies examining the association between tree cover and asthma have
yielded mixed results: one study reported a positive association between residential tree cover and asthma prevalence,
** while others have reported no or even negative (i.e. protective) associations. >>>* Further studies are needed to better
understand the association between urban trees and asthma exacerbations.

Geospatial Distribution of Asthma Exacerbations in Philadelphia According to EHR-Derived Data

In previous work, we used EHR-derived data to characterize the geospatial distribution of asthma exacerbations in the
Philadelphia area.”® We found significant exacerbation hot spots and cold spots that could not be explained by
demographic characteristics and other EHR-derived covariates, which suggest that spatially-varying factors in the
region contribute to asthma exacerbation rates. Phildelphia is a city with a heterogeneous landscape characterized by
diverse neighborhoods and environmental features, many of which could affect the risk of asthma exacerbations. Here,
we compare the geospatial distribution of asthma exacerbations to the distributions of three known exacerbation risk
factors (i.e., economic deprivation, crime, vehicular traffic) and tree cover, which has an undetermined association
with asthma exacerbations.

Methods

Study population. Characteristics of this study population have been described previously.” Briefly, subjects were
adults with asthma encounters at the University of Pennsylvania Health System (UPHS) between 2010 and 2014.
Inclusion criteria were: at least one primary ICD-9 code for asthma, at least one prescription for a short-acting beta,-
agonist inhaler, and residence within Philadelphia. An encounter was classified as an asthma exacerbation if it had a
primary ICD-9 code for asthma (i.e. 493*) and a prescription for an oral corticosteroid, a definition that attempted to
capture with EHR-derived data what is considered an exacerbation according to U.S. national asthma management
guidelines.’® Cases were defined as patients with at least one asthma exacerbation during the study period, and controls
were defined as those with no asthma exacerbations. The University of Pennsylvania Institutional Review Board
approved our study (protocol number 824789).

Socioeconomic conditions. We extracted twelve SES variables for all U.S. census block groups in Philadelphia from
the 2010-2014 ACS 5-year estimates. These variables have been validated in prior studies to detect associations
between SES and a range of health outcomes, including cancer incidence, low birth weight, and mortality.'”>"** To
adjust for multicollinearity among SES variables, we performed dimension reduction via factor analysis to derive a
composite SES score. We examined factor loadings to determine whether the composite score represented a familiar
construct (e.g. poverty, affluence) to assist with interpretation of results. To visualize the geospatial distribution of
SES in Philadelphia, we used the factor loadings to calculate the SES score for each block group and mapped our
results as a raster image. Block groups were chosen as the geographic level of data extraction and analysis because
they are the finest level of geography that ACS reports, containing an average population of 1,000 residents. Raster
and spatial data manipulations were performed using the raster and rgdal R packages.”®'

Exposure to crime. A publicly available database of all crime incidents in Philadelphia is maintained by the
Philadelphia Police Department.”” The database includes the date, type of offense, and geocoded location for each
incident. Geocoordinates in the database were used to plot the point locations of all crime incidents that occurred in
2010-2014. These point data were then summed using a 500-m circular moving window to estimate the density of
crime incidents across Philadelphia. Population density was estimated from 2010 U.S. Census population counts at
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the block group level with a 500-m circular moving window. Crime rate was then calculated across the city as the
crime density divided by the population density.

Exposure to vehicular traffic. We obtained annual average daily traffic (AADT) measurements for all major road
segments in Philadelphia from the Pennsylvania Department of Transportation.”” AADT is a measure of the total
number of vehicles that travel on both sides of a road segment on a typical day, for all days in a week, for a one-year
period. The AADT for a segment of road can be multiplied by the length of that segment to obtain the daily vehicle
miles traveled (DVMT). We estimated the geospatial distribution of traffic exposure by calculating the DVMT using
a 250-m circular moving window across Philadelphia.

Exposure to tree cover. A detailed and accurate (0.5-m resolution) assessment of tree canopy in Philadelphia was
performed for the year 2008 by the University of Vermont Spatial Analysis Laboratory using an automated object-
based analysis approach that combined orthophotography, high resolution light detection and ranging (LiDAR) data
provided by the U.S. Department of Agriculture Forest Service, and ancillary GIS data (building footprints, road
polygons, and hydrography) provided by the City of Philadelphia.” Tree cover exposure was estimated as the percent
of land area composed of tree canopy in a circular 250-m moving window across Philadelphia.

Evaluating asthma exacerbation hotspots using EHR-derived data. We identified hotspots of asthma exacerbations
using methods described previously.> ** % Briefly, we used a generalized additive model (GAM), which can estimate
the log odds of an outcome as a function of location with adjustment for covariates. The GAM takes the form
logit[p(x,y)] = y*z + S(x,y), where logit[p(x,y)] is the log odds of exacerbation at latitude and longitude coordinates
(%, y), z is a vector of covariates with corresponding regression parameters y, and S(x,y) is a bivariate smooth of
latitude and longitude that represents the spatial variation unexplained by the covariates. Using a GAM, we assessed
the effect of geographic residence

extracted from EHRs on risk of A B
asthma exacerbation, with

simultaneous smoothing of 30
geographic location and adjustment 200

for patient-level covariates. The 25
variables selected for adjustment 150 20
were significant independent 100 15
predictors of exacerbation as

previously determined by 50 10
multivariable logistic regression: 05
gender, race, age, BMI, smoking 0 00
status, and insurance billing class.”

The GAM was used to determine the C D

log odds of asthma exacerbation

across a point grid of Philadelphia, x108

which were then converted to an odds - 2

ratio by wusing the odds of P 06
exacerbation of the entire study

population as a reference group. A 15 04
global test was performed against the L 10

null hypothesis that exacerbation 02
odds did not depend on geographic s

location by  permuting  the L, 00

assignments of cases and controls
over residential geocoordinates.
Given a significant global test, a local
test was performed to identify areas
of increased or decreased odds of
exacerbation. The model fitted 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 or lower 0.5% of the

Figure 2. The geospatial distribution of known and potential risk factors for
asthma exacerbations in Philadelphia. (A) Composite deprivation score for
U.S. Census block groups. (B) Crime rate normalized by population density
calculated with a 500-m radius circular moving window. (C) Traffic exposure
estimated as the daily vehicle miles traveled (DVMT) in a 250-m radius
circular moving window. (D) Percentage tree cover calculated with a 250-m
radius circular moving window.
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permutation distributions were defined as “hotspots” or “cold spots,
performed using the MapGAM R package.*

respectively. Spatial GAM analyses were

Identification of high-risk areas using social and environmental data. We integrated variables with a literature-
supported association with asthma exacerbations (low SES, crime, and vehicular traffic) to create a variable that
indicated areas of residence where the risk of asthma exacerbations is expected to be highest on their basis. Our ad
hoc risk variable was created by intersecting the greatest socioeconomic deprivation and highest crime rate quintiles
with the highest risk tertile for vehicular traffic. Vehicular traffic was divided into tertiles rather than quintiles because
the road density in Philadelphia is high, and thus, a third of the city by land area likely experiences significant exposure
to vehicular traffic.

Results

Geospatial distribution of SES, crime, vehicular traffic, and tree cover. The twelve block group-level SES measures
that were extracted from the 2010-2014 ACS 5-year estimates and utilized in factor analysis are given in Table 1.
Overall, there was less than 1% missingness in SES measures by block group. Measures associated with low SES
(e.g., % low-income, % poverty, % unemployed) loaded positively on the composite factor, whereas measures
associated with high SES (i.e., % high-income and % high education) loaded negatively. Thus, the composite score
can be interpreted as an overall measure of economic deprivation, with higher scores representing greater
disadvantage. Deprivation scores for Philadelphia block groups ranged from -12 to 228 (median score = 79), and were
not calculated for nine block groups with missing data. Block groups with the highest deprivation score were found
to be clustered in the northern and western parts of the city (Figure 2A). A total of 946,326 crime incidents occurred
in Philadelphia in 2010-2014. After normalizing for local population density, pockets of high crime (> 2 incidents per
person) were found scattered throughout north and west Philadelphia (Figure 2B). Exposure to vehicular traffic was
estimated to be highest near major roads and freeways, which bisect the city longitudinally and laterally, and run along
the southern and western borders (Figure 2C). Tree cover was found to be relatively low throughout the city (Figure
2D). Over three-quarters of the city had less than 20% tree cover within a 250-m radius, and over a quarter of the city
had less than 5% tree cover. Areas of high tree cover (>50% within a 250-m radius) were few, totaling less than 4%
of total land area, and were concentrated in the northwest and northeast.

Asthma exacerbation hotspots. A total of 4,238 subjects
met our inclusion criteria, of which 1,509 were cases (i.e. rsend
had at least one asthma exacerbation). The global test " akintown

statistic against the null hypothesis that the odds of
exacerbations do not vary by location was highly m
significant (p <0.001), suggesting that even after

adjusting for EHR-derived covariates (i.e., gender, race,

age, BMI, smoking status, insurance billing class), asthma
exacerbations are spatially correlated. Local tests  ore

identified a hotspot in West Philadelphia and a cold spot
in North Philadelphia (Figure 3).
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Identification of high-risk areas. Block groups in areas
with the highest quintile of economic deprivation are
concentrated in North and West Philadelphia, and the top
quintile for crime ranges throughout the city, with the -
largest clusters occurring in North and West Philadelphia R

(Figure 4A). The top tertile of vehicular traffic exposure L/ '

extends throughout the city, following the distributions of "IN\ Belmanir Aehiand

major road segments (Figure 4A). The intersection of the ~ Figure 3. The spatial distribution of the odds of
highest risk quantiles for these known exacerbation risk  exacerbation, adjusted for gender, race, age, BMI,
factors identified regions in North and West Philadelphia ~ smoking status, and financial class. Significant
as posing the greatest risk for asthma patients (Figure 4B).  hotspots and colds spots (p<0.01) are indicated by
The high-risk areas identified in West Philadelphia  black contour lines.

Camden
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coincide with the exacerbation hotspot identified using GAM analysis, while the high-risk areas in North Philadelphia
partially coincide with the exacerbation cold spot.

Table 1. Factor loadings for composite block group-based SES indices constructed using data from ACS 2010-2014
5-year estimates

Variable Name ACS Measure Factor Loading

Percentage of households earning < 50% the national median

% Low-income household income for 2010 (i.e. < $25,000) 0.904
igome TS oTbostndesaming o o i
% Poverty Percentage of households below the federal poverty threshold  0.889
o, SNAP i:ﬁ:gﬁf: Ic:rfohgc;zlsglngsA ;t)ilizing the Supplemental Nutrition 0818
% Unemployed i:eriilnc:ﬁﬁ g);elzieople aged > 16 years in the work force who 0510
o Uninsured i’s\r;tztgaege of people (all ages) without health insurance 0276
% Low Education i’;lrlzzltlitgﬁe of people aged > 25 years with less than 12™-grade 0.662
9% Crowded Percentage of households containing more than one person 0136

per room

% Incomplete Plumbing  Percentage of households with incomplete plumbing facilities  0.381

% Incomplete Kitchen Percentage of households with incomplete kitchen facilities 0.398
% Incomplete Phone Percentage of households lacking phone or cellphone service ~ 0.222
Discussion

We visualized the distributions of known and potential risk factors of asthma exacerbations in Philadelphia and
compared them to geospatial patterns of asthma exacerbations in the same region. We identified potential high-risk
regions for asthma exacerbations in West Philadelphia and North Philadelphia where economic deprivation, crime,
and traffic density were highest. The high-risk areas identified in West Philadelphia overlapped with the exacerbation
hotspot observed in EHR-derived data, suggesting that economic deprivation, crime, and traffic density contribute to
the high rates of asthma exacerbation in this region. This hypothesis can be tested in future studies via regression
analyses to find effect estimates for these social and environmental variables while controlling for potential
confounders. In addition, sample stratification and the incorporation of interaction terms to regression models can
assess for effect modification by variables like age and smoking status. In apparent contrast to this result, a high-risk
area identified in North Philadelphia was associated with the cold spot where rates of asthma exacerbation were low.
This discrepancy is likely due to bias in provider coverage inherent in our data: although UPHS, from which our study
population was derived, is the largest health provider in Philadelphia, North Philadelphia is primarily served by a
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separate provider network (i.e., Temple Health). Thus, the low rates of asthma exacerbation we observed in North
Philadelphia are likely due to the selection bias that results from utilizing a health system-based cohort in an area with
competing providers. Although the spatial odds calculated by the GAM model controlled for spatial variation in patient
density (the odds of being a case are divided by the odds of being a control at each grid point), residual confounding
may still be present in areas of low patient density. In future analyses, we will consider the density of UPHS providers
as a variable to select our study area and/or adjust results.

Raster images of economic deprivation, crime, traffic density, and tree cover in Philadelphia demonstrated that use of
these social and environmental variables derived from external data sources can complement EHR-derived health data
and provide an overview of potential risk areas. Assigning values for these variables to each subject on the basis of
their residential address is more computationally efficient than creating raster layers. For example, assigning tree cover
to each subject entailed calculating percentage tree cover for 4,238 residential address locations. In contrast, creating
a raster image of tree cover involved performing this calculation for each raster cell - over 1x10® computations. We
selected a 250-m radius circular moving windows to calculate vehicular traffic and tree cover exposure and a 500-m
circular moving window to calculate crime rate, because similar buffer sizes have been used to calculate these
quantities in other studies.”™ * " For brevity, we showed a single buffer size for each exposure, though studies
typically include at least one other buffer size, which allows for detection of a dose-response relationship with
proximity of the exposure.”™ ** %" In future analyses, a range of buffer sizes will be used to determine the sensitivity
of results to buffer size. Furthermore, while the present study selected exposure variables with documented effects on
asthma, future studies will incorporate hypothesis-free social and environmental data sources. This broader, data-
driven approach that leverages multiple external data sources in conjunction with EHR-derived data may permit
discovery of novel relationships not available via any other means, although additional considerations during analyses
will be necessary to reduce false positive associations that may appear when considering large search spaces.

Use of residential addresses to link EHR-derived data to geospatial data provides some insights into social and
environmental conditions, but residence makes up only a portion of an individual’s geographic exposures. Extracting
a person’s places of work or education from EHR notes or other sources would allow for a fuller characterization of

Figure 4. High-risk areas for asthma exacerbations were found by intersecting highest-risk quantiles from known
exacerbation risk factors. (A) The geospatial distribution of economic deprivation (top), crime rate (middle) and
traffic exposure (bottom) split into quintiles (deprivation and crime) and tertiles (traffic). (B) High-risk areas are
colored red. The exacerbation hotspot derived from GAM analysis are indicated by the black contour line.
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their geographic range. Full activity paths could also be captured using GPS-enabled devices,* although doing so
requires considerable resources and is currently not scalable for a study utilizing a large EHR-derived cohort.

Conclusion

High resolution geospatial data on social, economic, and environmental factors, much of which exist in the public
domain, can be linked to EHR-derived data to aid in the identification of factors driving health outcomes beyond what
is possible with the use of EHR data alone. We used public data on economic deprivation, crime, traffic density, and
tree cover to visualize the geospatial distributions of these known and potential asthma exacerbation risk factors and
compared them to geospatial patterns of asthma exacerbations inferred from EHR-derived data. A hotspot of asthma
exacerbation coincided with areas containing highest densities of economic deprivation, crime, and traffic density.
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