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Abstract 

Background Environmental exposures such as airborne pollutant exposures and socio-economic indicators are 
increasingly recognized as important to consider when conducting clinical research using electronic health record 
(EHR) data or other sources of clinical data such as survey data. While numerous public sources of geospatial and spa-
tiotemporal data are available to support such research, the data are challenging to work with due to inconsisten-
cies in file formats and spatiotemporal resolutions, computational challenges with large file sizes, and a lack of tools 
for patient- or subject-level data integration.

Results We developed FHIR PIT (HL7® Fast Healthcare Interoperability Resources Patient data Integration Tool) 
as an open-source, modular, data-integration software pipeline that consumes EHR data in FHIR® format and inte-
grates the data at the level of the patient or subject with environmental exposures data of varying spatiotemporal 
resolutions and file formats. We applied FHIR PIT to generate “integrated feature tables” containing patient- or sub-
ject-level EHR data integrated with environmental exposures data on two cohorts: one on patients with asthma 
and related common pulmonary disorders; and a second on patients with primary ciliary dyskinesia and related rare 
pulmonary disorders. The data were then exposed via the open Integrated Clinical and Environmental Exposures 
Service, which was then queried to explore relationships between exposures to two representative airborne pol-
lutants (particulate matter and ozone) and annual emergency department or inpatient visits for respiratory issues. 
We found that hospitalizations for respiratory issues were more common among patients exposed to relatively 
high levels of particulate matter and ozone and were higher overall among patients with primary ciliary dyskinesia 
than among patients with asthma.

Conclusions Our manuscript describes a major release of FHIR PIT v1.0 and includes a technical demonstration use 
case and a clinical application on the use of FHIR PIT to support research on environmental exposures and health out-
comes related to asthma and primary ciliary dyskinesia. For application of the tool to common data models (CDMs) 
other than FHIR, we offer open-source conversion tools to map from the PCORnet, i2b2, and OMOP CDMs to FHIR.
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Background
Environmental exposures are increasingly recognized 
as important to consider when conducting research in 
numerous scientific fields, including medicine [30, 31]. 
While many public sources of geospatial and spatiotem-
poral data are available to support research on social and 
environmental determinants of health and disease, the 
data can be challenging to work with [4]. For instance, 
the datasets are often of varying spatial and temporal 
resolutions and formats, with differing representations 
for geocodes and time stamps. The exposures source data 
may be spatially represented as raster data (e.g., gridded 
air pollution predictions), area data or polygons (e.g., US 
Census tracts), line data (e.g., roadway data), or point 
data (e.g., landfill data). The data also may be temporally 
represented as mean hourly exposure, mean six-hour 
exposure, maximum 24-h exposure, median five-year 
exposure, or another temporal representation. This vari-
ability complicates data integration and harmonization 
across input sources. In addition, the datasets are often in 
different file formats (e.g., SHP vs CSV), and they can be 
quite large, especially for granular data (e.g., hourly esti-
mates), which presents computational challenges.

The challenges specific to the integration of environ-
mental exposures data with patient data have been well 
studied [3, 4, 16]. In addition to the challenges noted 
above, one must consider the need to protect patient 
privacy and the choice of common data model (CDM) 
used to represent electronic health record (EHR) data. 
Few open-source, production-quality, software reposito-
ries and tools are available to support at-scale geospatial 
and spatiotemporal data integration at the level of the 
individual patient or subject, although several solutions 
or partial solutions have been put forward. For instance, 
DeGauss provides a containerized privacy-aware solu-
tion that provides patient-level geocoding, e.g., patient 
primary residential address, and calculates prespecified 
exposure estimates for several types of exposures (e.g., 
air pollution, social deprivation, temperature) [1]. The 
Center for Disease Control and Prevention’s National 
Environmental Public Health Tracking Network Data 
Explorer offers a web-based catalog and search tool for 
accessing public health monitoring data and exposures 
data within the continental United States, with down-
loads available in tabular format [25]. GeoQuery is a web-
based application to access global geospatial estimates 
(e.g., climate, wealth, land cover), with user-defined 
spatial and temporal aggregations and downloadable 
tabular output [15]. NASA’s Socioeconomic Data and 
Applications Center offers a web-based application and 
visualization tool for exploring global socioeconomic and 
environmental exposures data (e.g., global poverty, water 

security, air quality), with subsets of the data available for 
download in a variety of formats [28].

We developed  the HL7Ⓡ Fast Healthcare Interoper-
ability Resources Patient data Integration Tool (FHIRⓇ 
PIT) as an open-source data integration pipeline to sup-
port patient- or subject-level research on social and envi-
ronmental determinants of health and disease. FHIR PIT 
enables the integration of diverse sources of geospatial 
and spatiotemporal data, including EHR data, clinical 
study data, and environmental exposures data such as 
airborne pollutant exposures and socio-economic indi-
cators. As an open-source tool to support geospatial and 
spatiotemporal data integration at the level of the patient 
or subject, FHIR PIT thus fills an existing research gap 
and software need that, with the exception of DeGauss, 
have not been addressed by other resources.

We described a proof-of-concept prototype version of 
FHIR PIT in a previous publication [32]. Herein, we pro-
vide a detailed description of our FHIR PIT v1.0 major 
release, with support for new types of exposures data, 
platform-independent execution and testing within a 
Docker container, sample input data, a tutorial, and 
extensive documentation. We highlight both a techni-
cal demonstration use case and a clinical application 
use case. We also describe our future plans to further 
enhance FHIR PIT and extend its applicability and reach 
across scientific fields.

Implementation
We developed the FHIR PIT data integration pipeline as 
a collection of modular steps that compose a transforma-
tion pipeline to process and link heterogeneous geospa-
tial and spatiotemporal data sources. A detailed overview 
of the FHIR PIT data integration and implementation 
pipeline is provided in Figure S1; a detailed overview of 
the transformation steps used to generate the final output 
of FHIR PIT, the “integrated feature tables”, is provided in 
Figure S2 (see “Additional file 1” within the “Supplemen-
tary materials”).

The transformation pipeline is configurable through 
the Dhall configuration language [6]. The user configures 
the steps to run, along with the corresponding input/out-
put folders. Additionally, steps can be reused or skipped 
for faster execution. New transformation steps can be 
added to the transformation pipeline as needed.

Currently, FHIR PIT supports the integration of sev-
eral types of data derived from both private and public 
sources, including EHR data, socioeconomic exposures 
data, airborne pollutant exposures data, roadway/high-
way exposures data, data on exposure to concentrated 
animal feeding operations (CAFO) data, and landfill 
exposures data (Table 1). Of note, we are in the process 
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of capturing and cleaning additional sources of socioeco-
nomic and environmental exposures data for incorpora-
tion into the FHIR PIT pipeline, including data on public 
school exposures from the National Center for Education 
Statistics. We note that the frequency of releases/updates 
for the FHIR PIT input data is controlled  by the data 
owners and  varies. In addition, apart from the patient 
data, the socioeconomic and environmental exposures 
data are mostly available as downloads in various formats 
(e.g., SHP, CSV). However, a subset of cleaned and pro-
cessed data is accessible via Application Programming 
Interfaces (APIs) that we have created: an Airborne Pol-
lutant Exposures API; Roadway/Highway Exposures API; 
and a Socio-economic Exposures API [22, 29].

Of note, we derived FHIR files from UNC Health using 
a second open-source software pipeline termed Clini-
cal Asset Mapping Program for FHIR (CAMP FHIR; 
[23]. CAMP FHIR converts data from CDMs  (i.e., i2b2, 
PCORnet, and OMOP) to FHIR files as a meta-CDM. 
FHIR PIT then consumes the CAMP FHIR output and 
integrates the data at the patient level with a variety of 
public sources of socioeconomic and environmental 
exposures data. Like FHIR PIT, CAMP FHIR is openly 
available [2]. Thus, for potential FHIR PIT adopters 
whose healthcare systems have not adopted FHIR as their 
CDM, CAMP FHIR can be used to facilitate the conver-
sion of their CDM data to FHIR files as the key input file 
for FHIR PIT.

FHIR PIT supports multiple environmental expo-
sure models. For instance, our airborne pollutant 
exposures are modeled as raster estimates based on 
predictive models derived from point sensors and tem-
porally represented as average daily and maximum 
daily exposures (e.g., average daily exposure to  particu-
late matter ≤ 2.5-microns in diameter  [PM2.5] in µg per 
meter-cubed). Our exposures data on roadways, landfills, 
and concentrated animal feeding operations are modeled 
as point estimates in meters from a specified latitude/
longitude (e.g., primary home residence) to the nearest 
major highway or roadway. Users can incorporate their 
preferred environmental exposure sources and models 
into the FHIR PIT pipeline as new sources or integration 
modules.

New input data of any file format or size can be added 
to the modular FHIR PIT pipeline. In addition, the trans-
formation steps join FHIR patient records with envi-
ronmental exposure estimates using patient geocodes 
(i.e., primary residence) and date(s) of healthcare visit 
as the spatiotemporal links. At the end of each linkage 
step, FHIR PIT saves the linked tables to an intermedi-
ate folder to support rapid re-execution, should any given 
step fail to complete (e.g., lack of disk space). To support 
multiple healthcare visits, FHIR PIT vectorizes FHIR 

patient records by grouping daily FHIR domains (e.g., 
Condition, Laboratory, Medication, Procedures) and 
counting them. The features associated with the patient 
are then grouped by user-defined study periods (e.g., 
yearly) and aggregated with user-defined statistics (e.g., 
counts, mean, median, first measurement, last measure-
ment). A YAML configuration file (i.e., “icees_features.
yaml”) is used to relabel FHIR domain codes and features 
from environmental exposure sources into human-read-
able features. This manually generated file can be config-
ured by users to meet their specific research needs and 
desired FHIR domain codes. (Please see “Data availability 
and requirements” and “Availability and implementation” 
for additional documentation, including the FHIR PIT 
GitHub repository URL.)

An optional join step follows the integration steps and 
allows users to join other patient- or subject-level data-
sets. For example, we have leveraged the join step to 
incorporate data from a survey-based study on partici-
pants who are also UNC Health patients. This allowed 
us to create a rich dataset containing integrated FHIR 
patient records, participant survey data, and a variety of 
environmental exposures data. We successfully applied 
the integrated dataset to examine the impact of environ-
mental exposures on health outcomes, as defined by both 
FHIR records and survey data [10].

An optional binning step allows users to bin or cat-
egorize variables to facilitate downstream applications 
and, in some cases, adhere to regulatory restrictions. 
For instance, we bin environmental exposure estimates 
to protect patient privacy. The binning step is required 
by our institution, which considers exposure estimates 
“secondary Protected Health Information (PHI)” due 
to the fact that the estimates are derived using PHI (i.e., 
geocodes and time stamps). The step is necessary, given 
that many of our application use cases involve exposing 
the deidentified FHIR PIT–generated integrated data in 
semi-aggregated form using an open-source web service 
termed the Integrated Clinical and Environmental Expo-
sures Service (ICEES; [11],  also  see “Results—Clinical 
application use case”).

The final step in the FHIR PIT data integration pipe-
line involves the deidentification of the FHIR PIT out-
put file by removing all PHI per the Safe Harbor Method 
of the Health Insurance Portability and Accountability 
Act (HIPAA; [26]). This deidentification step allows the 
resultant FHIR PIT integrated feature tables containing 
patient-level data derived from both EHR data and envi-
ronmental exposures data sources to be openly shared for 
research purposes as HIPAA-compliant datasets, albeit 
in compliance with institutional constraints. For instance, 
our institution restricts the use of the deidentified FHIR 
PIT integrated feature tables to those persons who have 
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been approved by the Institutional Review Board (IRB) 
as study personnel, but the data are freely accessible in 
a semi-aggregated form by the open ICEES service [11].

Note that because all steps in the FHIR PIT integra-
tion pipeline are modular, they can be reused or skipped. 
For example, if a user’s institution does not require that 
exposure estimates are binned, then that user may skip 
the binning step when running the software pipeline. 
The same is true with the optional join step and even the 
final deidentification step, which users may wish to skip 
if their data does not leave a secure environment. Thus, 
FHIR PIT can be tailored to meet a given user’s data inte-
gration and downstream analysis needs.

Security requirements
FHIR PIT relies on geocodes and time stamps for integra-
tion of clinical and environmental exposures data. These 
data elements are considered PHI under HIPAA and thus 
the datasets that FHIR PIT integrates fall under federal 
and institutional regulations, including approval by an 
IRB, adherence to HIPAA, and institutional regulations 
related to data storage and movement. For our work, we 
store all data and run the FHIR PIT software pipeline 
within a PHI/HIPAA/Tier 3 secure enclave and under 
an IRB-approved protocol. After the final deidentifica-
tion step, the FHIR PIT output files or integrated feature 
tables are no longer under federal or HIPAA regulations; 
however, the data remain under institutional regulations. 
At our institution, this means that the deidentified inte-
grated feature tables must remain on a secure, password-
protected server, accessible only by IRB-approved study 
personnel, although the data can be shared in semi-
aggregated form via the open ICEES service [11].

Results
Technical demonstration use case
For users interested in adopting FHIR PIT for their geo-
spatial and spatiotemporal data integration needs, the 
FHIR PIT GitHub repository contains extensive docu-
mentation, including: a detailed README file; example 
code snippets; sample input data; data transformation 
details; and specific run instructions (see “Data avail-
ability and requirements” and “Availability and imple-
mentation” for URLs). The sample input datasets include 
dummy data on “patient” FHIR files formatted in JSON, 
as shown in Fig. 1 for an example record from a “Condi-
tion” table. This example record shows that a patient had 
an encounter or healthcare visit on November 06, 2019, 
in which the patient was diagnosed with “acute viral 
pharyngitis (disorder)”.

The sample environmental exposures datasets include 
files of varying format and geospatial and spatiotempo-
ral resolution. An example CSV snippet for estimated 

concentrations of  PM2.5 (denoted pm2.5) and ozone is 
shown in Table 2.

This example shows the average daily estimated con-
centration of  PM2.5 and the maximum daily 8-h estimated 
concentration of ozone, as well as standard deviations, 
for -70.2386 latitude and 41.6696 longitude on January 1, 
2, and 3, 2010. Additional airborne pollutant exposures 
such as carbon monoxide and formaldehyde are also 
available for select years.

The sample socio-economic exposure datasets are pro-
vided in CSV format and include estimates for median 
household income, health insurance, access to an auto-
mobile, and other metrics. The sample roadway exposure 
datasets are provided in SHP format and can be applied 
to calculate nearest distance. The sample landfill and 
CAFO datasets are provided as point estimates.

After installing and running FHIR PIT, a user will be 
able to generate a sample integrated feature table, a snip-
pet of which is shown in Table 3. in CSV format.

This example shows dummy data on three “patient” 
records (indexed as 0, 1, 2) for the year 2010. The first 
record or row is for a male 17 years-of-age, with an aver-
age daily  PM2.5 exposure of 22.135  µg/m3 and a maxi-
mum daily  ozone exposure of 67.853 ppbV across a 
one-year study period. The patient’s primary residence 
is located 462.221 m from a major roadway or highway. 
The patient did not have any emergency department (ED) 
or inpatient visits, diagnoses of asthma, or prescriptions/
administrations of prednisone over the study period.

One important note when running FHIR PIT is that 
the application may be memory-intensive, depending 
on the size of the input data. For example, for the sam-
ple data available in the GitHub repository, the applica-
tion requires 4  GB RAM to run through all of the data 
processing and integration steps when running Docker 
natively. (Docker Desktop on Windows/Mac may incur 
additional memory overhead.)

Clinical application use case
Here, we validate FHIR PIT and the generated integrated 
feature tables that support ICEES by way of a direct 
comparison between an ICEES cohort of patients with 
asthma and related common pulmonary disorders and 
a second ICEES cohort of patients with primary ciliary 
dyskinesia (PCD) and related rare pulmonary disorders 
(hereafter referred to as ICEES asthma and ICEES PCD 
cohorts, respectively). The ICEES asthma cohort was 
described previously [11]. In brief, the cohort included all 
patients in our clinical data warehouse with an “asthma-
like” condition, including patients with: (1) a diagnostic 
code of asthma who were prescribed or administered 
medications that are typically used to treat asthma;  (2) 
a diagnostic code for a respiratory condition other than 
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asthma who were prescribed or administered medica-
tions that are typically used to treat asthma;  and (3) a 
diagnostic code for a respiratory condition other than 
asthma who were prescribed tests or procedures that 
are typically used to diagnose asthma. The ICEES PCD 
cohort also was described previously [9]. Briefly, the 
cohort included all patients in our clinical data ware-
house with a definitive diagnostic code for cystic fibrosis 
(CF) (ICD-E84) or a possible diagnosis of CF, idiopathic 

bronchiectasis (IB), or PCD, using broad, expert-defined 
inclusion criteria. The inclusion of a definitive diagnosis 
of IB or PCD as a criterion was not possible, given that a 
diagnostic code does not exist for IB or PCD.

For both cohorts, FHIR PIT–generated integrated fea-
ture tables were used to support the ICEES instances. We 
focused on one primary outcome measure, annual emer-
gency department (ED) or inpatient visits for respiratory 
issues, and two representative environmental exposures, 

Fig. 1 Example JSON record from a FHIR “Condition” table
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airborne  PM2.5 and ozone exposures, during the year 
2016, which was the most recent year for which expo-
sures variables were available for both cohorts.

We found that for both ICEES cohorts, the percentage 
of patients with ED/inpatient visits for respiratory issues 
was higher among those exposed to relatively high levels 
of  PM2.5 or ozone than among those exposed to relatively 
low levels of  PM2.5 or ozone (Fig. 2). Overall, annual ED/
inpatient visits for respiratory issues were more frequent 
among patients in the ICEES PCD cohort than among 
patients in the ICEES asthma cohort.

Thus, for two separate patient cohorts, one compris-
ing patients with asthma or another common pulmonary 
disorder, and the other comprising patients with PCD 
or another rare pulmonary disorder, we were able to run 

FHIR PIT to generate integrated feature tables, load the 
tables behind the ICEES APIs, and run queries to dem-
onstrate significant relationships between exposure to 
PM2.5 or ozone and an increase in  respiratory issues 
requiring an ED or inpatient hospital visit.

Discussion
FHIR PIT was developed to fill a biomedical informatics 
need for a tool that supports the integration of geospa-
tial and spatiotemporal datasets at the patient or subject 
level. We demonstrated the ability of FHIR PIT to gen-
erate two sets of integrated feature tables derived from 
an ICEES asthma cohort and an ICEES PCD cohort. 
We further showed that the data can be loaded behind 
an ICEES API and queried to demonstrate meaningful 

Table 2 Example snippet from airborne pollutant exposures data, sourced from the US Environmental Protection Agency

Date FIPS Longitude Latitude pm25_daily_
average

pm25_daily_
average_stderr

ozone_
daily_8hour_
maximum

ozone_
daily_8hour_
maximum_stderr

1/1/2010 25001012101 -70.2386 41.6696 16.569 7.454 32.678 6.7798

1/2/2010 25001012101 -70.2386 41.6696 5.553 3.4195 35.938 7.7447

1/3/2010 25001012101 -70.2386 41.6696 5.775 2.7642 28.291 7.0392

Table 3 Example snippet of the patient-level FHIR PIT integrated feature table created from the FHIR PIT PreprocCSVTable 
transformation step showing data elements from both the EHR (year, Sex, AgeStudyStart, TotalEDInpatientVisits, AsthmaDx, 
Prednisone) and environmental exposures data sources (AvgDailyPM2.5Exposure, MaxDailyOzoneExposure, RoadwayDistance)

year index Sex AgeStudyStart AvgDailyPM2.5Exposure MaxDailyOzoneExposure RoadwayDistance TotalEDInpatientVisits AsthmaDx Prednisone

2010 0 Male 17 22.13492346 67.85280609 462.2205866 0 0 0

2010 1 Male 20 22.71102758 94.79951477 252.796139 0 0 0

2010 2 Male 17 10.52038211 28.94073296 301.8245516 0 0 0

Fig. 2 Association between ED or inpatient visits for respiratory issues and exposure to particulate matter or ozone. A Exposure to  PM2.5 (µg/m3). 
Asthma: Bin: 1 = (3.273, 7.801] µg/m3; Bin 2 = (7.810, 10.830]. PCD: Bin 1 = (5.510, 8.741]; Bin 2 = (8.741, 10.891]. B Exposure to ozone (ppbV). Asthma: 
Bin 1 = (27.798, 38.998], Bin 2 = (38.998, 46.453]. PCD: Bin 1 = (27.854, 38.234]; Bin 2 = (38.324, 45.141]
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relationships between environmental exposures to repre-
sentative airborne pollutants (PM2.5 and ozone) and ED 
or inpatient hospital visits for respiratory issues.

Key features of FHIR PIT
The FHIR PIT data integration pipeline includes a 
number of attractive features. For instance, FHIR PIT 
is modular in design, which facilitates the incorpo-
ration of new FHIR elements, geospatial and spati-
otemporal data sources, and environmental exposure 
models. For instance, users can define the FHIR ele-
ments of interest in the “icees_features.yaml” file  to 
meet their specific research needs. Likewise, the 
environmental exposure models can be tailored to 
meet a user’s need (e.g., MaxDailyPM2.5Exposure vs 
AvgDailyPM2.4Exposure). Indeed, the steps in the inte-
gration pipeline can be reused or updated as needed. In 
addition, FHIR PIT supports the integration of geospatial 
and spatiotemporal datasets of varying spatial and tem-
poral resolution and representation, and users can incor-
porate their preferred exposure models and datasets. 
For example, we recently acquired data on public school 
exposures from the National Center for Education Statis-
tics. We are now developing models to consider patient 
mobility among school-aged children by examining dif-
ferences in their environmental exposures at home ver-
sus school and then determining if those differences have 
health impacts. For example, one might find that asthma 
exacerbations are more common during the school day 
versus at home or during the academic calendar year ver-
sus the summer months among children whose school is 
located near a major roadway or highway. Although FHIR 
PIT currently assumes a patient or subject resides in a 
single geolocation across a defined study period, the soft-
ware can be extended to account for potential changes in 
geolocation and daily mobility, for example, home ver-
sus school exposure or home versus work exposure. The 
FHIR PIT data integration pipeline also is configurable 
using the Dhall configuration language. For example, the 
data integration pipeline can be reconfigured for partial 
(re)execution in order to reduce compute time. Similarly, 
FHIR domain codes or data source features can be added 
and/or relabeled in a configurable way. Moreover, FHIR 
PIT output can be deidentified per HIPAA Safe Harbor, 
thus making the data ready for public release. Lastly, 
FHIR PIT can be easily configured to include join steps 
for the incorporation of additional sources of identifiable 
patient or subject data. Likewise, FHIR PIT can be con-
figured to exclude unneeded steps, e.g., the binning step.

Software considerations
While FHIR PIT contains several attractive features, 
the software also has limitations and considerations 

that should be considered. First, the FHIR PIT code is 
dependent on a YAML configuration file (“icees_features.
yaml”), which is manually generated to support new use 
cases and is used to define and enumerate feature varia-
bles and support mappings between feature variables and 
FHIR elements. Second, codebase updates require profi-
ciency in multiple tools and software languages, includ-
ing Python, Dhall (configuration language), Apache Spark 
(cluster-computing framework engine), Scala, sbt (build 
tool for Scala and JAVA), and YAML (data serialization 
language). To address this limitation, we recently Dock-
erized FHIR PIT to encapsulate the sample input files and 
the software and platform dependencies and facilitate 
execution and deployment. Third, the application can 
be memory-intensive, depending on the size of the input 
data. As noted under “Technical demonstration use case”, 
with the sample data available in the GitHub repository, 
the application requires 4 GB RAM to run through all of 
the data processing and integration steps when running 
Docker natively. In addition, FHIR PIT code annotation 
and technical documentation are in continual editing for 
completeness and may not meet the needs of all external 
users, in which case, we encourage users to submit an 
issue to the GitHub repository or contact us directly for 
troubleshooting and/or feature requests (see “Availability 
and implementation”). Despite these considerations and 
the general complexity of the software pipeline, we note 
that two external users (GR and SN) have successfully 
run FHIR PIT using the sample data we provided in the 
GitHub repository.

Clinical use case considerations
In the use-case application described herein, we found 
that hospital visits for respiratory issues were more fre-
quent overall among patients in the ICEES PCD cohort 
than among patients in the ICEES asthma cohort, which 
is perhaps not surprising, given that the ICEES PCD 
cohort is compromised of  patients with severe, primar-
ily undiagnosed, respiratory disease, including confirmed 
CF and suspected CF, PCD, or IB. For both the ICEES 
asthma cohort and the ICEES PCD cohort, we found an 
increase in hospital visits for respiratory issues among 
patients exposed to relatively high levels of airborne pol-
lutants when compared to those exposed to relatively low 
levels, thus replicating our prior findings and those of 
other groups on asthma [8, 11, 17, 18, 24] and extending 
them to derive new insights into PCD.

One important consideration to note when applying 
FHIR PIT to support clinical use cases such as those sup-
ported by ICEES relates to our binning approach for the 
airborne pollutant exposures, which is a FHRI PIT step 
that is required by our institution. For instance, we’ve 
found that the binning approach that we currently use 
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for airborne pollutant exposures, i.e., pandas.cut [19], 
frequently results in small cell sizes for the extremes of 
the patient distributions, meaning patients with very 
low exposures or very high exposures. We often have 
to collapse contiguous bins at the extreme distributions 
in order to adjust for the small cell sizes. Indeed, the 
approach we took for the current work followed that 
of our prior work [8], in which we collapsed the lowest 
and highest bins. However, in the use-case application 
reported here, we additionally collapsed the second low-
est bin to account for a cell size of < 20 patients in the 
ICEES PCD cohort and allow us to directly compare the 
ICEES PCD and asthma cohorts. We have applied other 
approaches, e.g., pandas.qcut [20], but those approaches 
tend to overfit. We are exploring additional binning 
approaches, for example, applying a strict upper limit 
for airborne pollutant exposures as specified by authori-
ties such as the US Environmental Protection Agency 
[27] or allowing users to specify the bins;  however, the 
former approach removes the granularity, while the lat-
ter approach introduces computational and regulatory 
challenges. We are working with groups such as the Envi-
ronmental Health Language Collaborative [7] to identify 
a robust and generalizable solution to this challenge for 
ICEES. We point out the binning challenge here only 
to inform potential FHIR PIT adopters. We  emphasize, 
however, that FHIR PIT can be adapted to support what-
ever binning approach works best for users and their 
datasets, or the binning step can be skipped entirely, if 
desired.

Future directions
In considering further improvements to FHIR PIT, we 
are currently working to: enhance unit and functional 
testing; extend the data integration pipeline to support 
new sources of environmental exposures data; improve 
our binning approach for airborne pollutant exposures; 
and apply FHIR PIT to new clinical use cases such as 
post-acute sequelae of SARS-CoV-2 infection and other 
diseases. As open-source software, we believe that our 
efforts on FHIR PIT will fill a critical need in patient- or 
subject-level geospatial and spatiotemporal data integra-
tion and the harmonization of geospatial and spatiotem-
poral datasets across diverse use-case applications.

Conclusion
FHIR PIT was developed to fill a need for a geospatial 
and spatiotemporal tool to support patient- or subject-
level integration of clinical data such as EHR data and 
environmental exposures data such as airborne pollutant 
exposures. Since the initial demonstration use case and 
publication of the prototype [32], the FHIR PIT v1.0 code 
and modular integration steps have matured to support 

a number of use cases and multiple sources of environ-
mental exposures data. In addition, FHIR PIT output 
contributes to the open-source “knowledge graph”–based 
Biomedical Data Translator system [12].

The FHIR PIT software code has matured significantly 
since the prototype deployment and the initial validation 
test. The FHIR PIT GitHub repository contains extensive 
documentation to support its adoption by independent 
users, including: a detailed README file; example code 
snippets; sample input data; data transformation details 
and specific run instructions; and a Docker file. The sam-
ple input data includes sample FHIR files that contain 
dummy “patient” datasets and sample environmental 
exposures datasets. We have demonstrated that the code, 
documentation, and sample files included in the FHIR 
PIT GitHub repository are sufficient to support inde-
pendent use of FHIR PIT by external users. For appli-
cation of the tool to CDMs other than FHIR, we offer 
open-source conversion tools to map from the PCORnet, 
i2b2, and OMOP CDMs  to FHIR. Specifically, pcornet-
to-fhir [33] maps from the PCORnet CDM to FHIR, and 
CAMP FHIR [2, 23] maps from the PCORnet, i2b2, and 
OMOP CDMs to FHIR.

Data availability and requirements
Project name: FHIR PIT  (v1.0 release:  https:// github. 
com/ Expos uresP rovid er/ FHIR- PIT/ relea ses/ tag/ v1.0).

Project home page: https:// github. com/ Expos uresP 
rovid er/ FHIR- PIT.

Operating system(s): platform independent, Linux 
preferred.

Programming language: Python; Dhall; Apache Spark; 
Scala; sbt; YAML.

Other requirements: sufficient RAM (application 
requires 4 GB RAM to run through all of the data pro-
cessing and integration steps using the sample input).

License: MIT License, ©2024 Renaissance Computing 
Institute, https:// github. com/ Expos uresP rovid er/ FHIR- 
PIT/ blob/ master/ LICEN SE.

Any restrictions to use by non-academics: none.
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