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Abstract

Social and behavioral determinants of health (SBDH) are environmental and behavioral factors that impede disease
self-management and can exacerbate clinical conditions. While recent research in the informatics community has
focused on building systems that can automatically infer SBDH from the patient record, it is unclear how such
determinants change overtime. This study analyzes the longitudinal characteristics of 4 common SBDH as expressed
in the patient record and compares the rates of change among distinct SBDH. In addition, manual review of patient
notes was undertaken to establish whether changes in patient SBDH status reflected legitimate changes in patient
status or rather potential data quality issues. Our findings suggest that a patient’s SBDH status is liable to change
over time and that some changes reflect poor social history taking by clinicians.

Introduction

Social and behavioral determinants of health (SBDH) are environmental and behavioral factors such as unstable
housing and substance use disorders that often impede disease self-management and can lead to or exacerbate existing
comorbid conditions."* Due to the established impact of SBDH on health outcomes for persons living with chronic
disease, health systems are increasingly attuned to these determinants and the clinically meaningful information they
provide.>” However, evidence suggests that providers often struggle to retrieve information related to SBDH, and that
those providers who are unaware of SBDH provide worse quality care.™>

Integrating SBDH data into electronic health records (EHRs) has generated widespread interest among health systems
and healthcare providers. The informatics community has focused on three approaches to integrating SBDH into
EHRs: expanding data collection to include structured data elements representing SBDH?, associating community-
level SBDH information with individual patients'®!'!, and using information extraction and Natural Language
Processing (NLP) methods to identify patient-level SBDH information contained in clinical documentation.®!%13
SBDH such as smoking status'#'®, substance abuse'’'°, and homelessness?>?' have been the focus of recent NLP
approaches, looking for identifying these at the encounter level, but have to date achieved modest-yet promising
performance. However, there has been little work so far on characterizing a patient’s SBDH status beyond a single
encounter.

It is unlikely that a patient’s documented SBDH status is invariably consistent with the patient’s true state. Patients
are often hesitant to disclose sensitive information such as sexual orientation and substance use to healthcare
providers'>?°, and may be less likely to share sensitive information with non-physician providers.?* In addition, the
quality of social history taking by clinicians is variable, and providers are liable to make incorrect assumptions about
their patient’s health.?>% As a result, a patient’s SBDH status recorded in the patient record may reflect inaccuracies
attributable to phenomena inherent to clinical documentation of sensitive information.

There is little knowledge of how social and behavioral determinants of health as expressed in patient records change
through time. While it has been established that an individual’s SBDH may change across the life course, it is unclear
whether the information in EHRs accurately represent such changes.?’ To our knowledge, the only relevant study that
examined changes in SBDH documentation was conducted by Bejan et. al. in 2017, which observed cyclic transitions
between the at-risk and homeless categories among homeless patients, and less frequent transitions among individuals
with stable housing.?’ In this paper, we conduct a longitudinal analysis of multiple SBDH as expressed in the patient
record and attempt to answer several important questions. First, we assess whether SBDH change through time and
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estimate their respective rates of change. Second, we conduct a survival analysis to examine the timescale of these
changes. Third, we employ both quantitative and qualitative methods to examine potential data qualities issues related
to SBDH.

Dataset

In this section, we describe the methods used to curate and analyze a longitudinal gold-standard corpus of clinical
notes. A protocol for manual annotation of clinical notes was developed and followed by multiple rounds of
annotation. The study described herein was approved by the Institutional Review Board at CUIMC and patient
informed consent was waived due to the retrospective nature of the study.

Development of Annotation Guidelines for SBDH

Two physicians experienced in the prevention and treatment of HIV reviewed the biomedical literature to identify
social and behavioral determinants that increased an individual’s risk for acquiring HIV. 29 individuals risk factors
were selected and included sexual orientation, housing status, alcohol use and drug use which are the focus of the
study described herein.?®

We obtained document-level annotations for the aforementioned SBDH domains and risk factors and thus considered
all SBDH as binary variables. Annotators were instructed to review the entire length of each clinical document and
label the presence of both the high-level domain and granular SBDH label. For example, the phrase “patient denies
alcohol use” would be result in a positive label for the high-level SBDH domain ‘alcohol use documented’ but a

negative label for ‘active alcohol use’. The annotation guide can be downloaded at
https://github.com/danieljfeller/SBDSH.

Creation of Gold-Standard Corpus for Longitudinal Analysis

A corpus of clinical notes was obtained from the clinical data warehouse at Columbia University Irving Medical
Center (CUIMC), a large academic medical center in New York City. For this study, we obtained all individual notes
associated with 32 randomly sampled individuals with HIV who received care at CUIMC. The study cohort was
characterized by analyzing structured demographic data extracted from the EHR system at CUIMC. Additional details
on this cohort are described elsewhere.’

Annotation was conducted by 1 physician and 2 medical students who were instructed to manually review every
clinical document included in the patient record. An initial set of 3 longitudinal patient records were collaboratively
coded by all annotators for training purposes; 76 notes were annotated by each of the 3 reviews and a Kappa of 0.736
was observed across all SBDH labels. Throughout the annotation process, annotators relied on the guidelines described
above.

Creation of Gold-Standard Corpus for Data Quality Analysis

We collected a larger gold-standard corpus for analyzing data quality of SBDH documentation. In contrast to the
longitudinal corpus described above, we included in this cohort HIV+ individuals associated with only a portion of
their clinical notes annotated and required only that individuals had 2 or more notes with SBDH documentation. These
notes were annotated for the purposes of a previous study.?®

Methods

The analysis described herein focused on 4 SBDH; sexual orientation, housing status, alcohol use and drug use.
Encounters with confirmed documentation of SBDH were isolated and analyzed to examine changes in a patient’s
SBDH status. and potential data quality issues. We then manually reviewed pairs of notes authored on the same-day
with conflicting documentation to identify possible sources of data quality issues related to SBDH.

SBDH Preprocessing

A distinct dataset was created for each SBDH of interest and included only notes where the respective high-level
SBDH was documented. For example, to be included in the analysis of ‘drug use’ status, it was necessary that a note
discuss drug use (even if drug use was a negative label, as in “no history of substance use”). This way, all notes in
that SBDH dataset had explicit discussion of that SBDH and either positive or negative findings for that SBDH. Notes
that did not discuss the SBDH were not included; absence of a certain SBDH in a clinical note most often reflects the
fact that this domain was not discussed by patient and provider, rather than evidence that the patient is a negative
case.”
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Survival Analysis

To assess the rate of change in SBDH status, we simply parameterized each annotated document using sequence time
(e.g., visit_time;, visit_timey, etc. where visit_time; represents the time between the first and i visit in the longitudinal
record of a patient) and estimated the likelihood that a patient at visit; would transition to a different state (e.g., ‘never
used alcohol’ to ‘actively using alcohol’), as documented within the documentation at the next visit. This analysis was
conducted using the corpus generated by a comprehensive annotation of the entire longitudinal record of the 32 HIV+
individuals in our cohort.

We used survival analysis to analyze the expected duration of time associated with changes in patient SBDH status.
Observation periods were established between adjacent notes in a patient’s longitudinal history and time was measured
in days. An event was defined as any change in SBDH status observed in the subsequent note. Observations were
(right) censored when the subsequent note was observed with the same SBDH status as observed in the preceding
(index) note. A survival function was estimated for each SBDH using the Kaplan-Meier estimate and can be
interpreted as the fraction of clinical notes observed at time 7 with an observed change in SBDH status documented
in the subsequent note:

So=T[ (1-%
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where d; is the number of notes with subsequent SBDH changes at time # and #; is the number notes not associated
with any subsequent SBDH change (and who have not yet been censored) at time #;.

Quantitative Analysis of Data Quality

In order to assess data quality in SBDH documentation, we used a larger cohort of patients who were required only to
have multiple notes manually annotated. Using the parameterization of sequence time described above, we considered
illegitimate transitions to be those that were chronologically impossible; for example, a patient could be documented
as having ‘never used alcohol’ subsequent to being documented as ‘actively using alcohol’.

In addition, we identified same-day conflicts in SBDH documentation by isolating clinical notes that were written on
the same day by distinct providers. Similar to previous analyses, we required that all notes under consideration have
confirmed documentation of the relevant high-level SBDH domain. Same-day conflicts were defined as observed
discrepancies in SBDH status (e.g., documentation of “no active alcohol use” and “active alcohol use”).

Qualitative Analysis of Data Quality

We manually reviewed 20 note pairs that exhibited same-day conflicts in patient SBDH status with the goal of
developing an understanding of the sources of data quality problems. 5 note pairs were gathered from each of the four
SBDH analyzed herein. The sources of data quality issues were identified using a set of annotation guidelines we
created for this analysis. Data quality issues reflected 1) inappropriate use of copy & paste if content was duplicated
across notes of the same type, 2) an inaccurate problem list if outdated information contained in structured clinical
data was automatically inserted into narrative free-text, 3) variable history taking wherein the note with positive
documentation contained significantly more information regarding SBDH compared to the note with negative
documentation (e.g. provider documents a minimal social history and does not inquire about specific substances, for
example”) , 4) a patient hesitant to disclose sensitive information when it was clear that both notes contained a detailed
social history but that the patient gave conflicting answers across the notes, and 5) the use of a standard note template
which automatically inserted negative and formulaic documentation of SBDH status.

Results
Cohort Characteristics

3273 clinical documents associated with 32 HIV+ individuals were manually annotated and included in the
longitudinal corpus. All available clinical notes associated with these patients was annotated with a range of 11 to 473
notes per patients (median 50, mean 102). The longitudinal histories of patients in this analysis were of variable lengths
and ranged from 196 days to 3146 days; the mean longitudinal history was 997 days and the median was 772 days.
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Figure 1. State diagram of changes in documentation of alcohol use across all patients in the cohort.

75% of individuals were male (24) and the average age was 46 years with a standard deviation of 13.5 years. Race
and ethnicity information was missing for a majority of the cohort, but 8 patients were documented as African
American, 7 as Caucasian Hispanic, 2 as Caucasian non-Hispanic, and 1 as Asian.

The larger cohort used in the data quality analysis included 366 individuals with multiple annotated notes (4294
notes total). All available clinical notes associated with these patients was annotated with a range of 2 to 473 notes
per patients (median 2, mean 11). The longitudinal histories of patients in this analysis were of variable lengths and
ranged from 0 days to 3146 days; the mean longitudinal history was 469 days and the median was 174 days. 60.3%
of individuals were male (221) and the average age was 53 years with a standard deviation of 12.2 years. Race and
ethnicity information was missing for a majority of the cohort, but 71 patients were documented as African
American, 58 as Caucasian Hispanic, 30 as Caucasian non-Hispanic, and 1 as Asian.

Longitudinal Changes in SBDH

A state diagram illustrating changes of documentation status for alcohol use computed across the cohort of 366
individuals is presented in Figure 1, across 1077 pairs of consecutive notes.

Many patients in the longitudinal cohort of 32 individuals were observed to have temporal changes among all SBDH
analyzed. Alcohol status was most likely to change across subsequent notes (23.3%), followed by drug use (10.4%),
drug use (8.7%), and sexual orientation (1.1%). A chi-square goodness of fit test found a significant difference in these
proportions (x%:29.2, p < 0.001).

A Kaplan-Meier plot that presents the 365-day survival function of the 4 SBDH analyzed in this study in presented in
Figure 2. The y-axis represents the proportion of notes without changes in SBDH documentation, and the x-axis
represents the number of days between each subsequent note. 365-day transition rates for housing status, drug use,
and alcohol use were 39.6%, 30.6%, and 36.3%, respectively. The 365-day transition rate for sexual orientation was
6.9%.

Data Quality in SBDH Documentation

While most of the transitions in SBDH status looked sensible, we observed illegitimate transitions in SBDH status as
shown in Figure 1. Among 353 notes documenting patient SBDH status as ‘active alcohol use, 43 were followed by
documentation of ‘never used alcohol’ (12.2%). Moreover, among 165 notes documented that the patient had
‘historical alcohol use’, 26 were followed by documentation of ‘never used alcohol’ (15.7%).

We also observed same-day conflicts in patient SBDH status. For instance, 23.2% of 56 same-day note pairs with
alcohol status documented had conflicting indications of alcohol use, 21.2% of 52 same-day note pairs had conflicting
indications of substance use, 6.8% of 44 same-day note pairs had conflicting indications of patient housing status, and
8.0% of 25 same-day note pairs had conflicting of sexual orientation. We also observed conflicts in SBDH
documentation within a 7-day period. 12.6% of annotated notes associated with the same patient had conflicting

402



Changes in SBDH status

04 1
—— drugs
02 1 housing
sexual orientation
004 — alcohol
0 50 100 150 200 250 300 350
tmeline
At risk
drugs 244 92 64 54 39 35 27 20 18
housing 196 69 46 41 32 29 2 18 16
sexual orientation 127 59 48 39 28 25 18 16 14
alcohol 243 76 49 39 34 i3 27 22 21

Figure 1. Survival function of SBDH changes for drug use, housing, sexual orientation, and alcohol use.

indications of alcohol use (N = 230). In addition, 14.3% of notes describing drug use exhibited the same changes (N
= 265), as did 7.6% of notes describing housing status (N=198). 1.6% of notes with sexual orientation documentation
exhibited same-week conflicts (N = 127).

Manual review of 20 same-day conflicts in SBDH revealed multiple sources of poor data quality with incomplete
social history taking by clinicians being most common. Among the 20 manually reviewed note pairs with same-day
conflicts in SBDH, 14 (70%) conflicts reflected variable quality of social history taking by clinicians, wherein the
note with positive documentation contained significantly more detailed information regarding SBDH compared to the
note with negative documentation. The majority of such instances entailed particularly brief social histories that may
have reflected inaccurate assumptions and/or limited social history taking by healthcare providers. 2 note pairs
exhibited evidence of an inaccurate problem list, wherein note content automatically generated from the patient’s EHR
problem list conflicted with information contained in narrative free-text. 2 note pairs exhibited evidence that a patient
was hesitant to disclose SBDH, as it was clear that both notes contained a detailed social history but that the patient
gave conflicting answers across the notes. 1 note pair conflict reflected the use of a standard note template, which
automatically declared negative SBDH status.

Discussion

The findings of this study suggest that social and behavioral determinant of health as expressed in the patient record
exhibit changes over time. Our longitudinal analysis of 4 distinct risk-factors suggests that a patient’s SBDH status
should be treated as a shifting, mutable variable in electronic systems. We also provide evidence that some changes
in SBDH documentation reflect data quality issues and not actual changes in the patient state.

We present the first comprehensive longitudinal analysis of multiple SBDH as expressed in patient records. Four
distinct SBDH were examined throughout the course of 32 patient records and exhibited varying rates of change. A
patient’s recorded alcohol status was most likely to change, as 23.3% of adjacent encounters with documentation of
alcohol use contained conflicting information. This may reflect the high prevalence of heavy episodic drinking among
persons living with HIV, which has resulted in calls for repeated assessments of alcohol consumption in this
population.3*3! While documentation of substance abuse and housing status were less likely to change compared to
alcohol use, these SBDH exhibited changes across as much as 10% of adjacent encounters. Epidemiological studies
suggest that these SBDH are likely to change; most individuals who are considered with unstable housing experience
only transient periods of homelessness?’, and many HIV+ persons with substance abuse disorder engage in episodic
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rather than sustained use.’?3* These findings suggest that automated approaches to inferring SBDH should not treat
these variables as fixed patient characteristics and thus should reevaluate a patient’s SBDH status on a regular basis.

In contrast to alcohol use, substance abuse, and housing status, a patient’s recorded sexual orientation was unlikely to
change, as 1.1% of adjacent encounters with documentation of sexual orientation contained conflicting information.
This rate reflects the infrequent changes in sexual orientation observed among persons experiencing stigma and
discrimination.® This findings suggest that distinct SBDH are likely to change at different rates and thus may be
reevaluated on different time scales.

Multiple findings indicated that some changes in patient SBDH status reflected data quality issues and not legitimate
changes in the patient state. We observed a high frequency of implausible longitudinal changes in patient SBDH status,
wherein a patient transitioned from an active status (e.g. active alcohol use) to having no history of active status (e.g.
no history of alcohol use). In addition, we observed same-day conflicts in patient’s documented SBDH status. Our
manual review of these discrepancies observed that most conflicts reflected the variable nature of social history taking.
It has been established that some healthcare providers are reluctant to discuss sensitive issues with their patients,
thereby limiting their ability to take a comprehensive social history.® The implication of these data quality issues is
that any attempt to characterize a patient’s SBDH status should not merely reflect the most recent documentation.
Decision support systems that aggregate multiple instances of SBDH documentation may provide a more faithful
representation of a patient’s SBDH status compared to data collected during a single encounter. Information retrieval
and classification methods should utilize observation windows that leverage only recent EHR data3637, or weight decay
techniques that model the decreasing relevance of data elements to computational phenotypes. 383

Future research should conduct a more comprehensive analysis by annotating all notes associated with a large corpus
and use techniques such as mutual information to assess how the predictability of future SBDH status relative to
existing documentation changes with time.*® Such an analysis would open the possibility for techniques that could
accurately model the relevance of social and behavioral determinants of health documentation.*'*? In addition, more
research is needed to better estimate the likelihood that changes in SBDH documentation reflect true changes in the
patient state versus documentation errors. This could be accomplished by obtaining additional sources of data such as
validated psychometric instruments or laboratory tests indicative of substance abuse.

Limitations

First, our methods did not enable us to quantify the proportion of SBDH changes that reflected true changes in the
patient state and the proportion that reflected documentation errors. A key limitation of this study is our inability to
estimate whether a patient’s SBDH status is accurate and note that obtaining this information is likely not possible
using clinical notes alone. Second, while our annotators achieved a relatively high inter-rater reliability, there were
likely some erroneous annotations and thus some temporal changes in SBDH status may reflect annotation errors and
rather than changes in documented SBDH status. Third, our findings were generated by analyzing data from a specific
patient cohort treated at a single institution. The high prevalence of SBDH within the study cohort may have resulted
in a higher frequency of SBDH changes.

Conclusion

Social and behavioral determinants of health as documented in the patient record are subject to change through time.
Future approaches to automated inference of SBDH from EHRs should consider the fluid nature of these variables
and the impact of data quality on their methods and results.
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