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Introduction: Despite the growing efforts to standardize coding for social determinants

of health (SDOH), they are infrequently captured in electronic health records (EHRs).

Most SDOH variables are still captured in the unstructured fields (i.e., free-text) of EHRs.

In this study we attempt to evaluate a practical text mining approach (i.e., advanced

pattern matching techniques) in identifying phrases referring to housing issues, an

important SDOH domain affecting value-based healthcare providers, using EHR of a

large multispecialty medical group in the New England region, United States. To present

how this approach would help the health systems to address the SDOH challenges of

their patients we assess the demographic and clinical characteristics of patients with and

without housing issues and briefly look into the patterns of healthcare utilization among

the study population and for those with and without housing challenges.

Methods: We identified five categories of housing issues [i.e., homelessness current

(HC), homelessness history (HH), homelessness addressed (HA), housing instability

(HI), and building quality (BQ)] and developed several phrases addressing each one

through collaboration with SDOH experts, consulting the literature, and reviewing existing

coding standards. We developed pattern-matching algorithms (i.e., advanced regular

expressions), and then applied them in the selected EHR. We assessed the text mining

approach for recall (sensitivity) and precision (positive predictive value) after comparing

the identified phrases with manually annotated free-text for different housing issues.

Results: The study dataset included EHR structured data for a total of 20,342 patients

and 2,564,344 free-text clinical notes. The mean (SD) age in the study population was

75.96 (7.51). Additionally, 58.78% of the cohort were female. BQ and HI were the

most frequent housing issues documented in EHR free-text notes and HH was the
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least frequent one. The regular expression methodology, when compared to manual

annotation, had a high level of precision (positive predictive value) at phrase, note, and

patient levels (96.36, 95.00, and 94.44%, respectively) across different categories of

housing issues, but the recall (sensitivity) rate was relatively low (30.11, 32.20, and

41.46%, respectively).

Conclusion: Results of this study can be used to advance the research in this domain,

to assess the potential value of EHR’s free-text in identifying patients with a high risk

of housing issues, to improve patient care and outcomes, and to eventually mitigate

socioeconomic disparities across individuals and communities.

Keywords: electronic health record, free-text, clinical notes, housing, natural language processing, social

determinants of health

INTRODUCTION

The adoption of electronic health records (EHRs) among U.S.
hospitals and outpatient facilities has dramatically increased
over the last decade (1, 2). Meaningful Use criteria (3, 4), the
main driver of increased EHR adoption (5), has incentivized
a higher capture rate of demographic and clinical information
(6). Moreover, clinical informaticians and health information
technology (HIT) experts have started to assess and optimize the
documentation and collection of social determinants of health
(SDOH) in EHRs for specific subpopulations of patients (7–12);
however, SDOH documentation is still an uncommon practice in
EHRs (13).

Despite the growing effort to standardize coding for SDOH
concepts (14) such as Logical Observation Identifiers Names and
Codes (LOINC) (15), SDOH variables are infrequently captured
in EHR’s structured fields and are often limited to certain SDOH
types within specific clinical conditions (e.g., child abuse within
the pediatric population; smoking cessation in primary care)
(16, 17). However, SDOH challenges may be discussed with
healthcare providers during visits and recorded in EHRs as free-
text notes (i.e., providers’ notes). Most SDOH variables are still
captured in the unstructured fields of EHRs such as admission or
clinical progress notes (14). For example, lack of social support
among older adults is mentioned considerably more in geriatric
notes compared to coded EHR data or other structured data
sources such as insurance claims (7, 18).

While the HIT challenges exist, collecting SDOH information
and implementing SDOH-specific interventions on a patient-
level has become a priority for value-based care settings operating
under specific organizational structures such as accountable
care organizations or patient-centered medical homes (19, 20).
Various factors have played a role in increasing the priority
of SDOH collection among value-based settings. Some payers
have started to mandate the collection of SDOH variables using
survey instruments [e.g., Center for Medicare and Medicaid
Innovation’s Comprehensive Primary Care Plus (21) and some
Medicaid (22) and private plans (23) among contracted value-
based providers]. Additionally, certain states have recently
introduced SDOH-derived variables to adjust the global budgets
of their contracted health providers (24) [e.g., neighborhood
stress index in Massachusetts’ Medicaid program (20)].

Despite the incentives of value-based health systems to collect
patient-level SDOH, operational challenges in rolling out large-
scale SDOH surveys have limited such efforts on a population
level (23, 25). Thus, the EHR free-text notes might provide
a more complete or accurate accounting of SDOH challenges;
however, traditional approaches for review and abstraction of
patient information from medical record notes are laborious,
expensive, and slow. Recent developments in text mining and
natural language processing (NLP) of digitized text allow for
reliable, low-cost, and rapid extraction of information fromEHRs
(7, 8, 18). Developing NLP algorithms that could function in
different healthcare systems would improve the generalizability
and application of such methods in extracting social needs
from the EHR’s free text. Thus, EHR text mining methods
can be integrated within value-based operations to improve the
identification of patient populations with SDOH challenges.

This study attempts to evaluate a practical text mining
approach (i.e., advanced pattern matching techniques using
regular expressions; RegEx) in identifying phrases referring to
housing challenges, an important SDOH domain affecting value-
based healthcare providers, using EHR of a large multispecialty
medical group in New England region, United States. To present
how this approach would help the health systems to address the
SDOH challenges of their patients we assess the demographic
and clinical characteristics of patients with and without housing
issues and briefly look into the patterns of healthcare utilization
among the study population and for those with and without
housing challenges. The development of generalizable text
mining methodologies with promising performance will help to
identify social needs of patients for research purposes and to
enhance the value of EHRs for population health management
of at-risk patients across different health systems.

METHODS

Data Source
We used de-identified EHR data from a large multispecialty
medical group from New England, United States. We utilized
data on a cohort of members who received health insurance
coverage between 2011 and 2013 (based on data availability
and agreement with the medical group about data access) and
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were assigned to this medical group as their primary source of
medical care from this health plan. We extracted both structured
and unstructured EHR data. Structured EHR data included
age, gender, ICD-9 diagnosis codes in different settings, and
the number of visits to the emergency department (ED), in-
patient (IP) visits (hospitalization), or outpatient (OP) clinic
visits. Unstructured data included free-text provider notes for all
patients who had at least one note between the years 2011 and
2013. We did not have any limitations in selecting the provider
notes and only excluded lab results and radiology and pathology
reports. We explored the use of text mining techniques (i.e.,
pattern matching using RegEx) to determine housing challenges
in the unstructured data. The institutional review board at
Johns Hopkins Bloomberg School of Public Health reviewed
and approved this project. Written informed consent from the
participants of the study was not required by local legislation and
national guidelines.

Identifying SDOH Challenges
The data custodian identified housing issues as a growing
source of challenge in their population. To address this
need, the research team reviewed published articles in peer-
reviewed journals, using PubMed as the preferred database.
After reviewing the available evidence on housing challenges
with high-impact on healthcare utilization and outcomes
and consulting the subject matter experts we decided to
determine five categories of housing challenges. The categories
included: homelessness current (HC), homelessness history
(HH), homelessness addressed (HA), housing instability (HI),
and building quality (BQ). Figure 1 presents each selected
category, how we defined each category, and the type of phrases
associated with each one in the EHR.

Homelessness was split into three distinct categories due
to different operational interventions (clinical and social)
addressing each category. For example, referring a patient to a
homeless shelter does not apply if the patient only has a history
of homelessness but is not currently homeless. Also homelessness
status of a patient may change or a patient may have two or
more homelessness statuses.We addressed this issue by reporting
the housing challenges at a note level, when each encounter
of homelessness was counted separately, and at a patient-level
when a patient was considered homeless if they had at least one
encounter of homelessness. We did not report the longitudinal
change in the homelessness status for each patient. The HC and
HH status was linked to the specific encounter when they were
documented in the EHR and were reported both at a note level
and patient level.

Generating Phrases for Each Housing
Category
To identify notes containing housing issues, we used hand-
crafted linguistic patterns that a team of experts developed.
We first reviewed ICD-10, Current Procedural Terminology
(CPT), LOINC codes, Systematized Nomenclature of Medicine
(SNOMED) terminologies (14), and the description of housing
issues in public health surveys and instruments [e.g., American
Community Survey (26), American Housing Survey (27), The

Protocol for Responding to and Assessing Patients’ Assets, Risks,
and Experiences (PRAPARE) (28), and the Accountable Health
Communities tool from the Center for Medicare and Medicaid
Innovation (21)]. We also reviewed phrases derived from a
literature review of other studies and the results of a manual
annotation process from a past study (7). To craft the linguistic
patterns the expert team developed a comprehensive list of
all available codes and specific content areas for each selected
housing domain and matched them across different coding
systems. Supplementary Table 1 presents examples of available
codes and phrases for different categories of housing issues.

The expert team developed phrases based on aspects of
the housing issues addressed in the codes, terminologies,
and surveys. We further refined those phrases to address
potential overlap with clinical phrases as well as learning from
the underlying EHR’s free-text manual tagging process. We
categorized the refined phrases into green, yellow, and red
phrases in multiple iterations. Green phrases indicated an active
housing challenge referring to the existence of the housing issue
during the encounter. Yellow phrases indicated a potential risk
for a housing issue but were not conclusive. Red phrases were
factors not necessarily correlated with a housing challenge. We
only assessed the presence of the green phrases in free-text notes.

Development of the Regular Expression
Patterns
We intended to develop a text mining approach that could be
used in a healthcare system with minimal effort and no need for
advanced computational capacity, hence we used the RegEx (i.e.,
pattern matching) as our text mining approach. We developed
multi-level RegEx patterns using green phrases for each housing
category. We then developed a custom web-based application
and a backend Structured Query Language (SQL) database
to automate the execution of the RegEx patterns, to provide
advanced RegEx functionality (e.g., negation, context detection),
and for storing/preparing the results for further analysis.

Development of the Training and Validation
Dataset
The training dataset included 2,564,344 free-text clinical notes
in the EHR of 20, 2017 patients. To develop the validation
dataset we selected a sample of 100 patients based on the ICD-9
codes indicating a possible housing issue in their EHR structured
data (20 patients for each category of the housing categories).
We randomly selected 20 additional patients from the rest of
the population who did not have any ICD-9 codes indicating a
housing issue in their structured EHR (a total of 120 patients for
the validation dataset).

Our SDOH expert (EH) trained two annotators to review and
independently tag phrases describing any housing issues in the
free-text EHR notes for the selected sample of 120 patients. We
further customized an open-source application to pre-highlight
keywords referring to housing challenges in the EHR free-text
notes of the patients. The annotators initially annotated 3 test
patients to assess inter-rater reliability and were consequently
further trained to ensure higher agreement levels. Each annotator
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FIGURE 1 | Selected categories of housing challenges, definition of each category, and type of phrases associated with each one in the electronic health record.

manually annotated all EHR records for half of the sample
patients using in-house built-in functions of the customized
open-source application. A third annotator then reviewed all
annotated phrases for potential false positive (FP) cases across all
120 patients.

Assessing the Performance of the Text
Mining Approach
We used two different techniques to assess the performance of
the RegEx text mining approach. First, we randomly selected
and manually assessed 100 phrases per category of housing
challenges identified by the RegEx techniques and documented
the true positive (TP) and FP instances. Second, we compared
the RegEx results against the manually annotated sample of
120 patients. The following sections provide more details of the
two approaches.

Assessment #1: True Positive and False Positive

Rates Among Random Patients
We first iteratively pruned the raw results of the RegEx technique
to reduce potential high FP RegEx patterns. After finalizing the
fine-tuning of the RegEx patterns, we extracted 100 random
phrases per category of housing challenges from the pruned
RegEx results and performed a phrase level assessment to
calculate TP and FP rates. Supplementary Table 2 includes
sample phrases found by the RegEx technique. The table lists
TP findings (i.e., the RegEx found a correct housing challenge)
and FPs (i.e., the RegEx found a phrase that was not a housing
challenge – falsely identified as positive) for each housing

category (i.e., except homeless history, as RegEx did not find any
matches). Some categories did not result in 100 patients hence
this assessment was limited to the maximum number of phrases
identified by the RegEx pattern technique (e.g., HC only returned
65 phrases hence we assessed 65 phrases for this category). A
total of 372 patients were assessed by this methodology across
all housing categories. We defined precision as TP/(TP+FP),
representing the positive predictive value in the text mining field.
This approach did not provide false negative (FN) rates [i.e.,
missed recall (sensitivity) rate calculations] but offered a larger
sample of patients identified by the RegEx patterns (i.e., max 100
phrases times 5 categories).

Assessment #2: Recall (Sensitivity) and Precision

(Positive Predictive Value) of the RegEx Model
The second approach, a common evaluation approach in the text
mining domain, provided both recall (sensitivity) and precision
(positive predictive value) measures for the RegEx technique –
as it generated TP, FP, and FN rates – but was limited to 120
sample patients whose EHR records were manually annotated for
housing issues. We defined TP as cases where RegEx matched
the annotators’ tagging (i.e., matching the housing categories)
and FP as cases where RegEx found an incorrect phrase that
was not annotated by the annotators. FN included phrases that
the annotators deemed relevant, but RegEx did not mark them
as a housing issue. We calculated TP, FP, and FN at three levels
of phrase, note, and patient. We did not use true negative (TN)
cases in the assessment due to the large text not being identified
or annotated by either method (i.e., RegEx or annotators).
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TABLE 1 | Demographic and clinical characteristics of study population categorized by housing issuesa.

All patients No housing issuesb Homelessnessb Housing instabilityb Building qualityb

Patient Count 20,342 19,919 125 160 162

Age – mean (SD)

75.96 (7.51) 75.90 (7.49) 78.40 (7.86) 78.78 (7.78) 77.98 (7.95)

Gender – female %

58.78 58.62 69.6 70.62 61.11

Comorbidity index – mean (SD)

Charlsonc 1.66 (1.65) 1.64 (1.64) 2.50 (1.20) 2.69 (2.04) 2.53 (1.20)

Elixhauserd 3.84 (2.71) 3.81 (2.69) 5.82 (3.27) 5.91 (3.15) 5.34 (3.20)

Charlson weighted 2.47 (2.72) 2.45 (2.71) 3.56 (3.10) 3.84 (3.32) 3.61(3.13)

Elix weighted AHRQe 5.21 (10.41) 5.14 (10.35) 8.81 (12.15) 8.37 (13.42) 8.74 (12.57)

Elix weighted VWf 5.92 (8.55) 5.85 (8.50) 9.57 (9.84) 9.36 (10.16) 9.62 (10.43)

Utilization markers – patient count (%)

Emergency department 7,103 (34.92) 6,854 (34.45) 78 (62.40) 101 (63.13) 87 (53.70)

Inpatient 4,145 (20.38) 3,969 (19.95) 67 (53.60) 76 (47.50) 48 (29.63)

Outpatient 10,637 (52.29) 10,325 (51.90) 100 (80.00) 125 (78.13) 108 (66.67)

Dx, diagnosis; SD, standard deviation.
aPatients with mentions of any domains of housing issues in their free-text note or those with relevant ICD-9 codes were identified as patients with housing issues.
bSome patients had multiple housing challenges. Therefore, the sum of figures in the columns for Homelessness, Housing Instability, and Building Quality is higher than the actual

number of patients with housing challenges (“All patients – No Housing Issues” column).

Due to the large sample size, the differences in the demographic and clinical characteristics between patients without housing issues (column 3) and those with different categories of

housing issues (columns 4–6) were statistically significant.
cCharlson score is a weighted index that is predictive of the risk of death within 1 year of hospitalization for patients with specific comorbid conditions.
dElixhauser score is calculated based on a method of categorizing comorbidities using diagnosis codes found in clinical data, which is predictive of hospital readmission and

in-hospital mortality.
eA version of the Elixhauser score developed by the Agency for Healthcare Research and Quality (AHRQ) (32).
fA version of the Elixhauser score developed by van Walraven et al. (33).

We defined recall as TP/(TP+FN) representing the sensitivity
concept in the text mining domain and precision as TP/(TP+FP)
representing positive predictive value. Due to the lack of TN
results in the text mining field, we did not report specificity. We
used the basic R function (the R version: 3.5.1) to calculate the
recall (sensitivity) and precision (positive predictive value).

Clinical Characteristics and Healthcare
Utilization
We assessed the impact of housing issues on healthcare
utilization including inpatient, ED, and outpatient visits. We
defined (1) the inpatient visits as the acute care inpatient
hospitalization stays, regardless of cause excluding pregnancy
and delivery, newborns, and injury, (2) ED visits as those that
were not the precursors to subsequent observation stays and
inpatient hospital stays in the same period, and (3) the outpatient
visits as the instances where patients received ambulatory care
in outpatient settings. To describe a patient’s health status,
we assigned each ICD diagnosis code to one or more of 32
diagnosis groups referred to as Aggregated Diagnosis Groups
(ADGs) (29) (see Supplementary Table 3 for more details) and
also grouped over 8,600 diagnoses into condition categories. We
also calculated the Charlson Comorbidity (30) Index, a weighted
index to predict the risk of death within 1 year of hospitalization
for patients with specific comorbid conditions. Additionally, we
calculated the Elixhauser Comorbidity Index (31), a method of
categorizing comorbidities of patients based on ICD diagnosis

codes found in administrative data. The ADG, Charlson, and
Elixhauser scores were used to measure the burden of chronic
conditions and comorbidities in our analysis.

RESULTS

The study data included EHR structured data for a total of 20,342
patients and 2,564,344 free-text clinical notes. The mean age in
the study population was 75.96 (SD: 7.51). Additionally, 58.78%
of the cohort were female. Table 1 presents the demographic
and clinical characteristics of the total study population and
those with and without housing issues. Patients with housing
issues were older (mean ages of 78.40, 78.78, and 77.98 years
for homeless patients, and those with housing instability and
building quality issues) than those with no housing issues (mean
age of 75.9 years). Patients with housing issues were more female
(69.60%, 70.62%, 61.11% for homeless patients, and those with
housing instability and building quality issues) than those with
no housing issues (58.62%).

Clinical Characteristics and Healthcare
Utilization
Table 1 also presents the results of descriptive analyses for
patients with housing issues, those with no housing issues,
and the general population. Patients with housing issues were
sicker and had higher comorbidity scores than the overall
population and those with no housing issues. They also utilized
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FIGURE 2 | Distribution of housing issues for patients with different clinical conditions in the study population. The groups identified by the red circles have statistically

significant differences.

the healthcare services more often. For instance, 62.40% of
patients with homelessness, 63.13% of patients with housing
instability, and 53.70% of patients with building quality issues
had an ED visit during the study period. The ED utilization was
at 34.45% for those without housing issues. Among other notable
findings was the high number of outpatient visits among patients
with housing issues and particularly those with homelessness
(80% of patients with homelessness had outpatient visits during
the study period). Figure 2 presents the distribution of housing
issues for different clinical conditions. For example, a higher
frequency of housing issues was noted among those with a
mental illness.

Findings of the RegEx Text Mining
Technique
Table 2 depicts the total number of phrases, notes, and
patients found for each housing category using the RegEx text
mining methodology. The RegEx text mining identified 526
unique phrases, 494 (0.02%) unique notes, and 369 (1.82%)
unique patients with housing issues. We did not define the
phrase-level denominator hence phrase percentages could not
be calculated. Considering the FN rate, we estimated ∼890
(4.40%), unique patients, with any housing issues in our
study population. Several patients had more than one housing
issue documented in their free-text notes. Table 3 shows the
overlap of housing categories among notes and patients. For
example, 21 patients in the HA category also had other housing
issues; 9 of them had housing instability and 7 had building
quality issues.

Assessing Performance of RegEx
Technique
Table 4 presents the results of the performance assessment
of the RegEx technique using 100 randomly selected phrases
(Assessment #1). Housing instability had the highest precision
(positive predictive value) rate of 89%. Table 5 presents the
performance assessment of the RegEx technique at the phrase,
note, and patient level using manual annotation (Assessment
#2). The RegEx technique had a high level of precision
(positive predictive value) at all levels (96.36, 95.00, and 94.44%,
respectively) but the recall (sensitivity) rate was relatively low
(30.11, 32.20, and 41.46%, respectively).

DISCUSSION

Value-based healthcare systems are increasingly at stake to
address the underlying SDOH challenges of the population they
serve (24). However, SDOH variables are commonly captured
in EHR’s free-text which makes the use of this information
challenging in operational settings (14). Furthermore, healthcare
providers are facing operational challenges in rolling out
population-level surveys to collect individual-level SDOH
information from their patients (23). Hence, text mining
approaches that reveal SDOH factors within EHR’s free-text
can be helpful to identify patients with SDOH challenges
and to implement targeted interventions for patients with
such challenges.

EHR data is also gradually playing an instrumental role in the
population health management efforts of value-based providers
(34, 35). Compared to and in the absence of insurance claims,
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TABLE 2 | Total number of cases identified by the RegEx text mining techniquea.

Phrasesa Notesb Patientsc Total patientsd

Housing categories No. % No. % No. % No. %

Homelessness

Homelessness current 65 NA 60 0.002 47 0.2325 113 0.5607

Homelessness history 7 NA 7 0.000 4 0.0198 10 0.0477

Homelessness addressed 104 NA 101 0.004 76 0.3759 183 0.9066

Housing instability

176 NA 172 0.007 125 0.6183 301 1.4912

Building quality

174 NA 165 0.006 146 0.7222 352 1.7417

Totale

Unique 526 NA 494 0.019 369 1.8252 890 4.4019

aTotal number of phrases identified in the EHR during the study period describing each category of housing issues. The phrase-level denominator was not defined hence the phrase

percentage could not be calculated.
bTotal number of notes (and % of notes) in the EHR during the study period with mentions of housing challenges. The denominator included the total number of notes in the EHR during

the study period.
cTotal number of patients (and % of patients) in the EHR during the study period with mentions of housing challenges. The denominator included the total number of patients in the EHR

during the study period.
dTotal number (and % of patients) with housing issues after considering estimated false-negative rates, assuming a 41.46% recall (sensitivity) rate for patient-level RegEx analysis (see

Table 4).
eUnique number of phrases, notes, and patients with mentions of housing challenges in the EHR during the study period. The phrase-level denominator was not defined hence the

phrase percentage could not be calculated. Some notes contained more than one housing issue and some patients reported more than one housing challenge. Therefore, the numbers

are different than the sum of all categories together.

RegEx, regular expressions.

TABLE 3 | Total number of housing issue overlaps identified by the regex text mining technique.

Notes Patients

Category HC HH HA HI BQ HC HH HA HI BQ

Homelessness current 0 2 0 0 0 5 4 4

Homelessness history 0 0 0 0 0 0 0 0

Homelessness addressed 2 0 8 1 5 0 9 7

Housing instability 0 0 8 1 4 0 9 6

Building quality 0 0 1 1 4 0 7 6

Total number 2 0 11 9 2 13 0 21 19 17

Total %a 3.33 0 10.89 5.23 1.21 27.66 0 27.63 15.2 11.64

a% of notes and patients with housing issues overlaps. The denominator is the total number of notes and patients with each category of housing issues (see Table 2 for total numbers

in each category).

HC, homelessness current; HH, homelessness history; HA, homeless addressed; HI, housing instability; BQ, building quality; RegEx, regular expressions.

EHRs provide additional data types that can be utilized for risk
stratification efforts (34, 36–39). EHR-derived SDOH data, such
as housing challenges, can potentially help to improve these
risk stratification efforts, although certain challenges such as
potential immaturity of EHR’s functionality across providers (40–
42). SDOH data quality issues (43), and the need for complex text
mining methods to extract SDOH from EHR’s free-text should be
addressed (7, 44). Moreover, as population health management
efforts are gradually aligning clinical outcomes with public health
goals (45–48), identifying SDOH factors of high-risk patients will
be key in addressing underlying disparities within populations
residing in states with statewide population-level global budgets
such as Massachusetts (20) and Maryland (49, 50). Value-based

providers may also utilize non-EHR data sources to access SDOH
information (e.g., health information exchange) (51).

Therefore, the development of text mining approaches that
could help extraction of SDOH information from EHR of a
healthcare system regularly and could be generalizable across
different healthcare systems would provide an operational
solution to using this arguably largest source of SDOH
information in the healthcare system. In this study, we exercised
this approach by utilizing a pragmatic text-mining methodology
(i.e., RegEx) and identified various phrases in EHR’s free-text that
reflected five categories of housing issues (i.e., three categories
of homelessness, housing instability, and building quality). Our
RegEx algorithm identified 369 unique patients (1.82% of the
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TABLE 4 | Performance assessment of the RegEx text mining technique using

100 random phrases.

Phrase level assessment

Category True

positivea

False

positivea

Precision (positive

predictive value) %

Homelessness current 37 28 56.92

Homelessness history 0 7 0.00

Homelessness addressed 66 34 66.00

Housing instability 89 11 89.00

Building quality 58 42 58.00

aNumber of phrases in each category of housing issues.

RegEx, regular expressions.

TABLE 5 | Performance assessment of the RegEx text mining technique using

manual annotation.

Assessment level

Measure Phrase Note Patient

True positivea 53 38 17

False positivea 2 2 1

False negativea 123 80 24

Recall (sensitivity) % 30.11 32.20 41.46

Precision (positive predictive

value)%

96.36 95.00 94.44

aNumber of phrases, notes, and patients in each category.

RegEx, regular expressions.

study population) with housing issues. Considering the 41.46%
recall (sensitivity) of the RegEx patterns among the 120 manually
annotated patients, total unique patients with housing issues after
adding the estimated FNs were calculated at 890 (∼4.40% of
the study population). In other words, the study results showed
that potentially 1 in 20 patients in our study population had a
housing issue.

Furthermore, to present how this text mining approach would
help the health systems to address the SDOH challenges of their
patients we assessed the demographic and clinical characteristics
of patients with and without housing issues and briefly look
into the patterns of healthcare utilization among the study
population and for those with and without housing challenges.
In our study population patients with housing issues were older
(mean age of ∼78 years across three categories of housing issues
and ∼76 years among those with no housing issues), had a
higher number of comorbidities (e.g., Charlson Comorbidity
Index of ∼2.5 across three categories of housing issues and
∼1.6 among those with no housing issues), and utilized the
healthcare services more often (e.g., ∼54–63% ED utilization
among patients with housing issues vs. ∼34% among those with
no housing issues). This information would help care managers,
care coordinators, and social workers to tailor specific social
interventions and/or conducting referrals to community-based
social services organizations (52, 53). Clinicians can also utilize
such information to explore the underlying housing issues at

the point of care, and population health experts might use this
information to better predict utilization rates associated with
such patient population (54).

We provided a comprehensive approach to the performance
assessment of our RegEx technique. We first assessed the
performance by selecting 100 randomphrases from each category
of housing issues. This approach showed a precision (positive
predictive value) of ∼57–89% across five housing categories.
We also performed manual annotation on free-text notes of
120 patients (100 patients with housing issues based on the
ICD-9 codes indicating a possible housing issue in their EHR
structured data, 20 patients for each category of the housing
categories, and a random sample of 20 additional patients who
did not have any ICD-9 codes indicating a housing issue in
their structured EHR). The manual annotation revealed high
precision (positive predictive value) of the RegEx technique
at the phrase, note, and patient-level (∼96, 95, and 94%,
respectively). But the recall (sensitivity) was low at the phrase,
note, and patient-level (∼30, 32, and 41%, respectively). The
RegEx pattern matching approach that we applied in this study
is considered a basic text mining technique with rigid flexibility
and potentially high FN rates. For instance, any housing phrases
not embedded in the RegEx patterns will be missed in the
results. The high FN rates resulted in low recall (sensitivity)
for the text mining technique and the RegEx algorithm failed
to identify a high number of patients with actual housing
issues. However, the high precision (positive predictive value)
helped to know, with high certainty, that those identified
as patients with housing issues indeed were suffering from
those challenges.

Manually tagging EHR’s free-text for SDOH variables is an
exhausting task involving several annotators spending hundreds
of hours to generate the “gold standard” text. Manually
annotated gold standard text is required to both assess RegEx
techniques as well as train, test and evaluate advanced NLP
techniques. EHR data sources that also include survey-level
SDOH information will be critical in future SDOH NLP research
as survey data can be treated/assumed as the gold standard
text, hence enabling researchers to train, test, and evaluate
the accuracy of their NLP methods. This approach might
result in lower false-negative instances and improve the recall
(sensitivity) of the text mining/ NLP techniques. Alternatively,
approximated SDOH factors associated with the residential
location/address of patients can be assessed as a proxy to train
and/or validate advanced NLP techniques (e.g., compare the
NLP results with SDOH variables derived based on patient’s
residential address).

Our results were slightly different from other studies
using rule-based systems to identify social needs in free-text
provider notes. For instance, Conway et al. (55) tested the
performance of Moonstone, a new, highly configurable rule-
based clinical NLP system for extraction of information requiring
inferencing from clinical notes derived from the Veterans
Health Administration. Their system achieved a precision
(positive predictive value) of 0.66 (lower than ∼94–96% at
the phrase, note, and patient-level in our study) and a recall
(sensitivity) of 0.87 (higher than ∼30-41% at phrase, note, and
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patient-level in our study) for phrases related to homelessness
and marginally housed.

In another study, Dorr et al. (56) extracted the phenotypic
profiles for four key psychosocial vital signs including
housing insecurity or homelessness from EHR data. They
used lexical associations expanded by expert input, then, for
each psychosocial vital sign, and manually reviewed the retrieved
charts. Their system achieved a precision (positive predictive
value) of >0.90 in all psychosocial vital signs except for social
isolation. Navathe et al. (8) utilized MTERMS, an NLP system
validated for identifying clinical terms within medical record
text to extract social factor information from physician notes.
They customized and developed the MTERMS NLP system on
a randomized 500 annotated physician note training set and
tested the diagnostic characteristics. After development, they
validated the system by studying the diagnostic characteristics
of the system vs. a gold standard manual review of a new set
of randomized 600 physician notes. They achieved a precision
(positive predictive value) of 1.0 and a recall (sensitivity) of 0.66
for housing instability.

While beyond the scope of this study, future efforts should
also incorporate more advanced text mining approaches such as
statistical NLP techniques (e.g., embedding, word2vec, and deep
learning such as the recursive neural network). Recent studies
utilizing such advanced NLP techniques have shown promising
results in identifying syndromes not encoded properly by EHR’s
structured data elements (44, 57–59), Other approaches such as
creating text preparation tasks may help to improve the results
of the text-mining/NLP techniques. These tasks may include
detecting clinical templates and repeated copy/pastes of some
information in the text. They may also include detecting various
sections of clinical notes that may result in the detection of false
positive or false negative phrases. For instance, omitting family
history of SDOH challenges and keeping thementions of patient’s
specific SDOH issues may result in lower false positive or false
negative instances.

This study had several limitations. First, we only identified
predefined housing phrases in the EHR’s free text. Second, we
did not use a statistical NLP approach to assess the likelihood of
notes or patients having similar phrases addressing categories of
housing issues. Hence, we could not calculate the TN rates for
patients and notes with housing issues. Third, we only measured
the stratified rates of comorbidity and utilization among patients
having any phrases related to housing issues in their free-
text notes.

Moreover, we did not evaluate the net effect of the
housing issues on healthcare utilization using multivariate
analysis. Future research should analyze the effect of housing
issues on long-term healthcare utilization while adjusting for
clinical variables. The study period might also limit the
study results. As in the last few years, there have been
a growing number of providers and practices that actively
plan for assessing and documenting the SDOH challenges
in the EHR. Therefore, there might be a higher number
of TP and TN instances of housing issues in the free-
text EHR, which would impact the performance of the text
mining techniques.

Finally, we measured the availability of housing issues
regardless of the underlying socioeconomic status of the patients.
Future research should expand on the underlying population
denominator to patients in high need of SDOH interventions
(e.g., Medicaid patients) as well as comparing NLP results with
geo-driven SDOH factors (e.g., comparing the neighborhood-
level housing issues, measured based on patient’s residential
address, with individual-level social needs found in the EHR’s
free-text notes).

CONCLUSION

This study assessed the use of a pragmatic text mining
methodology in identifying various SDOH housing factors in
EHR’s free text. The study results revealed a high precision
(positive predictive value) for the assessed text mining
approach but the recall (sensitivity) was low. The simplicity
of this approach suggests its generalizability across the
healthcare systems. The development of generalizable text
mining methodologies with promising performance will
enhance the value of EHRs to identify at-risk patients across
different health systems, improve patient care and outcomes,
and eventually mitigating socioeconomic disparities across
individuals and communities.

DATA AVAILABILITY STATEMENT

The data analyzed in this study is subject to the following
licenses/restrictions: The dataset includes patients’ information
in electronic health records, which are confidential to patients
and their providers. Requests to access these datasets should be
directed to Elham Hatef, ehatef1@jhu.edu.

ETHICS STATEMENT

The studies involving human participants were reviewed
and approved by Institutional Review Board, Johns Hopkins
Bloomberg School of Public Health. Written informed consent
for participation was not required for this study in accordance
with the national legislation and the institutional requirements.

AUTHOR’S NOTE

This study attempts to evaluate a practical text mining approach
(i.e., advanced pattern matching techniques) in identifying
phrases referring to housing issues, an important SDOH domain
affecting value-based healthcare providers, using EHR of a
large multispecialty medical group in the New England region,
United States.

AUTHOR CONTRIBUTIONS

EH supervised the development of the analysis plan, reviewed
and interpreted the results, and led writing this paper. GS and
MR performed the data analysis. AL, KE, CM, RB, and MS
contributed to setting the overall scope and goal of the project as

Frontiers in Public Health | www.frontiersin.org 9 August 2021 | Volume 9 | Article 697501

mailto:ehatef1@jhu.edu
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/public-health#articles


Hatef et al. Housing Issues in EHR Free-Text

well as finalizing the manuscript. HK designed the overall scope
and goals of the study and supervised the day-to-day operations
of the project. All authors contributed significantly to the project
and writing of the manuscript, reviewed the final paper, and
provided comments as deemed necessary.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fpubh.
2021.697501/full#supplementary-material

REFERENCES

1. Office of National Coordinator for Health Information Technology (ONC-

HIT). Hospital Adoption of Electronic Health Record Technology to Meet

Meaningful Use Objectives: 2008-2012. (2013). Available online at: http://

www.healthit.gov/sites/default/files/oncdatabrief10final.pdf (accessed March

30, 2021).

2. The Office of the National Coordinator for Health Information Technology

(ONC). Office-Based Physician Electronic Health Record Adoption. Health IT

Quick-Stat #50. (2016). Available online at: https://dashboard.healthit.gov/

quickstats/pages/physician-ehr-adoption-trends.php (accessed March 30,

2021).

3. Blumenthal D, Tavenner M. The meaningful use regulation for electronic

health records. N Engl J Med. (2010) 363:501–4. doi: 10.1056/NEJMp1006114

4. Jha AK. Meaningful use of electronic health records: the road ahead. JAMA.

(2010) 304:1709–10. doi: 10.1001/jama.2010.1497

5. Jha AK, Burke MF, DesRoches C, Joshi MS, Kralovec PD, Campbell EG,

et al. Progress toward meaningful use: hospitals’ adoption of electronic health

records. Am J Manag Care. (2011) 17:SP117–24.

6. The Office of the National Coordinator for Health Information Technology.

Meaningful Use Definition & Objectives. Available online at: https://www.

healthit.gov/providers-professionals/meaningful-use-definition-objectives

(accessed March 30, 2021).

7. Kharrazi H, Anzaldi LJ, Hernandez L, Davison A, Boyd CM, Leff B, et al.

The value of unstructured electronic health record data in geriatric syndrome

case identification. J Am Geriatr Soc. (2018) 66:1499–507. doi: 10.1111/jgs.

15411

8. Navathe AS, Zhong F, Lei VJ, Chang FY, Sordo M, Topaz M, et al. Hospital

readmission and social risk factors identified from physician notes. Health

Serv Res. (2018) 53:1110–36. doi: 10.1111/1475-6773.12670

9. Liwei W, Xiaoyang R, Ping Y, Hongfang L. Comparison of three information

sources for smoking information in electronic health records. Cancer Inform.

(2016) 2016:237–42. doi: 10.4137/CIN.S40604

10. Torres JM, Lawlor J, Colvin JD, Sills MR, Bettenhausen JL, Davidson A, et al.

ICD social codes: an underutilized resource for tracking social needs. Med

Care. (2017) 55:810–6. doi: 10.1097/MLR.0000000000000764

11. Oreskovic NM, Maniates J, Weilburg J, Choy G. Optimizing the use of

electronic health records to identify high-risk psychosocial determinants of

health. JMIR Med Inform. (2017) 5:e25. doi: 10.2196/medinform.8240

12. Hripcsak G, Forrest CB, Brennan PF, Stead WW. Informatics to support the

IOM social and behavioral domains and measures. J Am Med Inform Assoc.

(2015) 22:921–4. doi: 10.1093/jamia/ocv035

13. Cantor MN, Thorpe L. Integrating data on social determinants of

health into electronic health records. Health Affairs. (2018) 37:585–90.

doi: 10.1377/hlthaff.2017.1252

14. Arons A, DeSilvey S, Fichtenberg C, Gottlieb L. Documenting social

determinants of health-related clinical activities using standardized medical

vocabularies. JAMIA Open. (2019) 2:81–8. doi: 10.1093/jamiaopen/ooy051

15. Regenstrief Institute. LOINC. (2018). Available online at: https://loinc.org/

sdh/ (accessed March 30, 202).

16. Kharrazi H, Hatef E, Lasser E, Woods B, Rouhizadeh M, Kim J, DeCamp L.

A Guide to Using Data From Johns Hopkins Epic Electronic Health Record

for Behavioral, Social and Systems Science Research. Baltimore: Johns Hopkins

Medical Institute (2018).

17. Bae J, Ford EW, Kharrazi HH, Huerta TR. Electronic medical record

reminders and smoking cessation activities in primary care. Addict Behav.

(2018) 77:203–9. doi: 10.1016/j.addbeh.2017.10.009

18. Anzaldi LJ, Davison A, Boyd CM, Leff B, Kharrazi H. Comparing

clinician descriptions of frailty and geriatric syndromes using electronic

health records: a retrospective cohort study. BMC Geriatr. (2017) 17:248.

doi: 10.1186/s12877-017-0645-7

19. Nichols LM, Taylor LA. Social determinants as public goods: a new

approach to financing key investments in healthy communities.Health Affairs.

(2018) 37:1223–30. doi: 10.1377/hlthaff.2018.0039

20. Ash A, Mick E, Ellis R, Kiefe C, Allison J, Clark M. Social determinants

of health in managed care payment formulas. JAMA Intern Med. (2017)

177:1424–30. doi: 10.1001/jamainternmed.2017.3317

21. Centers for Medicare and Medicaid Services. The Accountable Health

Communities Health-Related Social Needs Screening Tool. AHC Screening Tool.

(2019). Available online at: https://innovation.cms.gov/Files/worksheets/

ahcm-screeningtool.pdf (accessed March 30, 2021).

22. North Carolina Department of Health and Human Services. Using

Standardized Social Determinants of Health Screening Questions to Identify

and Assist Patients With Unmet Health-Related Resource Needs in North

Carolina. SDOH Screening Tool. (2018). Available online at: https://files.nc.

gov/ncdhhs/documents/SDOH-Screening-Tool_Paper_FINAL_20180405.

pdf (accessed March 30, 2021).

23. LaForge K, Gold R, Cottrell E, Bunce AE, Proser M, Hollombe C, et al. How 6

organizations developed tools and processes for social determinants of health

screening in primary care: an overview. J Ambul CareManage. (2018) 41:2–14.

doi: 10.1097/JAC.0000000000000221

24. Breslin E, Lambertino A, Heaphy D, Dreyfus T. Medicaid and Social

Determinants of Health: Adjusting Payment and Measuring Health Outcomes.

(2017). Available online at: https://www.healthmanagement.com/wp-

content/uploads/SHVS_SocialDeterminants_HMA_July2017.pdf (accessed

March 30, 2021).

25. Alley D, Asomugha C, Conway P, Sanghavi D. Accountable health

communities—addressing social needs through medicare and medicaid. New

Eng J Med. (2019) 347:8–11. doi: 10.1056/NEJMp1512532

26. U.S. Census Bureau.American Community Survey. (2019). Available online at:

https://www.census.gov/programs-surveys/acs/ (accessed March 30, 2021).

27. U.S. Census Bureau. American Housing Survey. (2019). Available online

at: https://www.census.gov/programs-surveys/ahs.html. (accessed March 30,

2021).

28. National Association of Community Health Centers. The Protocol for

Responding to and Assessing Patients’ Assets, Risks, and Experiences

(PRAPARE). (2019). Available online at: http://www.nachc.org/research-and-

data/prapare/ (accessed March 30, 2021).

29. The Johns Hopkins ACG R© System Version 12.0 User Documentation. Available

online at:https://www.hopkinsacg.org/document/acg-system-version-12-0-

system-documentation-all-guides/ (accessed March 30, 2021).

30. CharlsonME, Pompei P, Ales KL,MacKenzie CR. A newmethod of classifying

prognostic comorbidity in longitudinal studies: development and validation. J

Chronic Dis. (1987) 40:373–83. doi: 10.1016/0021-9681(87)90171-8

31. Elixhauser A, Steiner C, Harris DR, Coffey RM. Comorbidity

measures for use with administrative data. Med Care. (1998) 36:8–27.

doi: 10.1097/00005650-199801000-00004

32. Moore BJ, White S, Washington R, Coenen N, Elixhauser A. Identifying

increased risk of readmission and in-hospital mortality using hospital

administrative data: the AHRQ elixhauser comorbidity index. Med Care.

(2017) 55:698–705. doi: 10.1097/MLR.0000000000000735

33. van Walraven C, Austin PC, Jennings A, Quan H, Forster AJ. A

modification of the elixhauser comorbidity measures into a point system

for hospital death using administrative data. Med Care. (2009) 47:626–33.

doi: 10.1097/MLR.0b013e31819432e5

34. Kharrazi H, Chi W, Chang HY, Richards TM, Gallagher JM, Knudson SM,

et al. Comparing population-based risk-stratification model performance

using demographic, diagnosis and medication data extracted from outpatient

Frontiers in Public Health | www.frontiersin.org 10 August 2021 | Volume 9 | Article 697501

https://www.frontiersin.org/articles/10.3389/fpubh.2021.697501/full#supplementary-material
http://www.healthit.gov/sites/default/files/oncdatabrief10final.pdf
http://www.healthit.gov/sites/default/files/oncdatabrief10final.pdf
https://dashboard.healthit.gov/quickstats/pages/physician-ehr-adoption-trends.php
https://dashboard.healthit.gov/quickstats/pages/physician-ehr-adoption-trends.php
https://doi.org/10.1056/NEJMp1006114
https://doi.org/10.1001/jama.2010.1497
https://www.healthit.gov/providers-professionals/meaningful-use-definition-objectives
https://www.healthit.gov/providers-professionals/meaningful-use-definition-objectives
https://doi.org/10.1111/jgs.15411
https://doi.org/10.1111/1475-6773.12670
https://doi.org/10.4137/CIN.S40604
https://doi.org/10.1097/MLR.0000000000000764
https://doi.org/10.2196/medinform.8240
https://doi.org/10.1093/jamia/ocv035
https://doi.org/10.1377/hlthaff.2017.1252
https://doi.org/10.1093/jamiaopen/ooy051
https://loinc.org/sdh/
https://loinc.org/sdh/
https://doi.org/10.1016/j.addbeh.2017.10.009
https://doi.org/10.1186/s12877-017-0645-7
https://doi.org/10.1377/hlthaff.2018.0039
https://doi.org/10.1001/jamainternmed.2017.3317
https://innovation.cms.gov/Files/worksheets/ahcm-screeningtool.pdf
https://innovation.cms.gov/Files/worksheets/ahcm-screeningtool.pdf
https://files.nc.gov/ncdhhs/documents/SDOH-Screening-Tool_Paper_FINAL_20180405.pdf
https://files.nc.gov/ncdhhs/documents/SDOH-Screening-Tool_Paper_FINAL_20180405.pdf
https://files.nc.gov/ncdhhs/documents/SDOH-Screening-Tool_Paper_FINAL_20180405.pdf
https://doi.org/10.1097/JAC.0000000000000221
https://www.healthmanagement.com/wp-content/uploads/SHVS_SocialDeterminants_HMA_July2017.pdf
https://www.healthmanagement.com/wp-content/uploads/SHVS_SocialDeterminants_HMA_July2017.pdf
https://doi.org/10.1056/NEJMp1512532
https://www.census.gov/programs-surveys/acs/
https://www.census.gov/programs-surveys/ahs.html
http://www.nachc.org/research-and-data/prapare/
http://www.nachc.org/research-and-data/prapare/
https://www.hopkinsacg.org/document/acg-system-version-12-0-system-documentation-all-guides/
https://www.hopkinsacg.org/document/acg-system-version-12-0-system-documentation-all-guides/
https://doi.org/10.1016/0021-9681(87)90171-8
https://doi.org/10.1097/00005650-199801000-00004
https://doi.org/10.1097/MLR.0000000000000735
https://doi.org/10.1097/MLR.0b013e31819432e5
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/public-health#articles


Hatef et al. Housing Issues in EHR Free-Text

electronic health records versus administrative claims. Med Care. (2017)

55:789–96. doi: 10.1097/MLR.0000000000000754

35. Kharrazi H, Weiner JP. A practical comparison between the predictive

power of population-based risk stratification models using data

from electronic health records versus. Med Care. (2018) 56:202–3.

doi: 10.1097/MLR.0000000000000849

36. Kan HJ, Kharrazi H, Leff B, Boyd C, Davison A, Chang HY, et al. Defining and

assessing geriatric risk factors and associated health care utilization among

older adults using claims and electronic health records. Med Care. (2018)

56:233–9. doi: 10.1097/MLR.0000000000000865

37. Chang HY, Richards TM, Shermock KM, Elder Dalpoas S, J Kan H,

Alexander GC, et al. Evaluating the impact of prescription fill rates

on risk stratification model performance. Med Care. (2017) 55:1052–60.

doi: 10.1097/MLR.0000000000000825

38. Lemke KW, Gudzune KA, Kharrazi H, Weiner JP. Assessing markers from

ambulatory laboratory tests for predicting high-risk patients. Am J Manag

Care. (2018) 24:e190–5.

39. Kharrazi H, Chang HY, Heins SE, Weiner JP, Gudzune KA. Assessing the

impact of bodymass index information on the performance of risk adjustment

models in predicting health care costs and utilization. Med Care. (2018)

56:1042–50. doi: 10.1097/MLR.0000000000001001

40. Kharrazi H, Gonzalez CP, Lowe KB, Huerta TR, Ford EW. Forecasting

the maturation of electronic health record functions among US hospitals:

retrospective analysis and predictive model. J Med Internet Res. (2018)

20:e10458. doi: 10.2196/10458

41. Adler-Milstein J, DesRoches CM, Kralovec P, Foster G, Worzala C,

Charles D, et al. Electronic health record adoption in US hospitals:

progress continues, but challenges persist. Health Aff. (2015) 34:2174–80.

doi: 10.1377/hlthaff.2015.0992

42. Chan KS, Kharrazi H, Parikh MA, Ford EW. Assessing electronic health

record implementation challenges using item response theory. Am J Manag

Care. (2016) 22:e409–15.

43. Kharrazi H, Wang C, Scharfstein D. Prospective EHR-based clinical

trials: the challenge of missing data. J Gen Intern Med. (2014) 29:976–8.

doi: 10.1007/s11606-014-2883-0

44. Chen T, Dredze M, Weiner J, Hernandez L, Kimura J, Kharrazi H. Extraction

of geriatric syndromes from electronic health record clinical notes: assessment

of statistical natural language processing methods. JMIR Med Inform. (2019)

7:e13039. doi: 10.2196/13039

45. Dixon BE, Kharrazi H, Lehmann HP. Public health and

epidemiology informatics: recent research and trends in the

United States. Yearb Med Inform. (2015) 10:199–206. doi: 10.15265/IY-

2015-012

46. Gamache R, Kharrazi H,Weiner JP. Public and population health informatics:

the bridging of big data to benefit communities. Yearb Med Inform. (2018)

27:199–206. doi: 10.1055/s-0038-1667081

47. Kharrazi H, Weiner JP. IT-enabled community health interventions:

challenges, opportunities, and future directions. EGEMS. (2014) 2:1117.

doi: 10.13063/2327-9214.1117

48. Kharrazi H, Lasser EC, Yasnoff WA, Loonsk J, Advani A, Lehmann HP,

et al. A proposed national research and development agenda for population

health informatics: summary recommendations from a national expert

workshop. J Am Med Inform Assoc. (2017) 24:2–12. doi: 10.1093/jamia/

ocv210

49. Hatef E, Lasser EC, Kharrazi HH, Perman C, Montgomery R, Weiner JP.

A population health measurement framework: evidence-based metrics for

assessing community-level population health in the global budget context.

Popul Health Manag. (2018) 21:261–70. doi: 10.1089/pop.2017.0112

50. Hatef E, Kharrazi H, VanBaak E, Falcone M, Ferris L, Mertz K, et al. A state-

wide health it infrastructure for population health: building a community-

wide electronic platform for maryland’s all-payer global budget. Online J

Public Health Inform. (2017) 9:e195. doi: 10.5210/ojphi.v9i3.8129

51. Kharrazi H, Horrocks D,Weiner JP. Use of HIEs for value-based care delivery:

a case study of Maryland’s HIE. In: Dixon B, editors. Health Information

Exchange: Navigating andManaging a Network of Health Information Systems.

Amsterdam: AP Elsevier (2016).

52. Lasser EC, Kim JM, Hatef E, Kharrazi H, Marsteller JA, DeCamp LR.

Social and behavioral variables in the electronic health record: a path

forward to increase data quality and utility. Acad Med. (2021) 96:1050–6.

doi: 10.1097/ACM.0000000000004071

53. Hatef E, Ma X, Rouhizadeh M, Singh G, Weiner JP, Kharrazi H. Assessing

the impact of social needs and social determinants of health on health care

utilization: using patient- and community-level data. Popul Health Manag.

(2021) 24:222–30. doi: 10.1089/pop.2020.0043

54. Tan M, Hatef E, Taghipour D, Vyas K, Kharrazi H, Gottlieb L, et al. Including

social and behavioral determinants in predictive models: trends, challenges,

and opportunities. JMIR Med Inform. (2020) 8:e18084. doi: 10.2196/18084

55. Conway M, Keyhani S, Christensen L, South BR, Vali M, Walter LC,

et al. Moonstone: a novel natural language processing system for inferring

social risk from clinical narratives. J Biomed Semantics. (2019) 10:6.

doi: 10.1186/s13326-019-0198-0

56. Dorr D, Bejan CA, Pizzimenti C, Singh S, Storer M, Quinones A. Identifying

patients with significant problems related to social determinants of health with

natural language processing. Stud Health Technol Inform. (2019) 264:1456–7.

doi: 10.3233/SHTI190482

57. Zolnoori M, Fung KW, Patrick TB, Fontelo P, Kharrazi H, Faiola A, et al. A

systematic approach for developing a corpus of patient reported adverse drug

events: a case study for SSRI and SNRI medications. J Biomed Inform. (2019)

90:103091. doi: 10.1016/j.jbi.2018.12.005

58. Zolnoori M, Fung KW, Fontelo P, Kharrazi H, Faiola A, Wu YSS, et al.

Identifying the underlying factors associated with patients’ attitudes toward

antidepressants: qualitative and quantitative analysis of patient drug reviews.

JMIR Ment Health. (2018) 5:e10726. doi: 10.2196/10726

59. Bettencourt-Silva JH, Mulligan N, Sbodio M, Segrave-Daly J, Williams R,

Lopez V, et al. Discovering new social determinants of health concepts from

unstructured data: framework and evaluation. Stud Health Technol Inform.

(2020) 270:173–7. doi: 10.3233/SHTI200145

Conflict of Interest: The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be construed as a

potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated organizations, or those of

the publisher, the editors and the reviewers. Any product that may be evaluated in

this article, or claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.

Copyright © 2021 Hatef, Singh Deol, Rouhizadeh, Li, Eibensteiner, Monsen,

Bratslaver, Senese and Kharrazi. This is an open-access article distributed under the

terms of the Creative Commons Attribution License (CC BY). The use, distribution

or reproduction in other forums is permitted, provided the original author(s) and

the copyright owner(s) are credited and that the original publication in this journal

is cited, in accordance with accepted academic practice. No use, distribution or

reproduction is permitted which does not comply with these terms.

Frontiers in Public Health | www.frontiersin.org 11 August 2021 | Volume 9 | Article 697501

https://doi.org/10.1097/MLR.0000000000000754
https://doi.org/10.1097/MLR.0000000000000849
https://doi.org/10.1097/MLR.0000000000000865
https://doi.org/10.1097/MLR.0000000000000825
https://doi.org/10.1097/MLR.0000000000001001
https://doi.org/10.2196/10458
https://doi.org/10.1377/hlthaff.2015.0992
https://doi.org/10.1007/s11606-014-2883-0
https://doi.org/10.2196/13039
https://doi.org/10.15265/IY-2015-012
https://doi.org/10.1055/s-0038-1667081
https://doi.org/10.13063/2327-9214.1117
https://doi.org/10.1093/jamia/ocv210
https://doi.org/10.1089/pop.2017.0112
https://doi.org/10.5210/ojphi.v9i3.8129
https://doi.org/10.1097/ACM.0000000000004071
https://doi.org/10.1089/pop.2020.0043
https://doi.org/10.2196/18084
https://doi.org/10.1186/s13326-019-0198-0
https://doi.org/10.3233/SHTI190482
https://doi.org/10.1016/j.jbi.2018.12.005
https://doi.org/10.2196/10726
https://doi.org/10.3233/SHTI200145
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/public-health#articles

	Measuring the Value of a Practical Text Mining Approach to Identify Patients With Housing Issues in the Free-Text Notes in Electronic Health Record: Findings of a Retrospective Cohort Study
	Introduction
	Methods
	Data Source
	Identifying SDOH Challenges
	Generating Phrases for Each Housing Category
	Development of the Regular Expression Patterns
	Development of the Training and Validation Dataset
	Assessing the Performance of the Text Mining Approach
	Assessment #1: True Positive and False Positive Rates Among Random Patients
	Assessment #2: Recall (Sensitivity) and Precision (Positive Predictive Value) of the RegEx Model

	Clinical Characteristics and Healthcare Utilization

	Results
	Clinical Characteristics and Healthcare Utilization
	Findings of the RegEx Text Mining Technique
	Assessing Performance of RegEx Technique

	Discussion
	Conclusion
	Data Availability Statement
	Ethics Statement
	Author's Note
	Author Contributions
	Supplementary Material
	References


