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Abstract

Background: Information regarding opioid use disorder (OUD) status and severity is important for patient care. Clinical notes
provide valuable information for detecting and characterizing problematic opioid use, necessitating development of natural
language processing (NLP) tools, which in turn requires reliably labeled OUD-relevant text and understanding of documentation
patterns.

Objective: To inform automated NLP methods, we aimed to develop and evaluate an annotation schema for characterizing
OUD and its severity, and to document patterns of OUD-relevant information within clinical notes of heterogeneous patient
cohorts.

Methods: We developed an annotation schema to characterize OUD severity based on criteria from the Diagnostic and Statistical
Manual of Mental Disorders, 5th edition. In total, 2 annotators reviewed clinical notes from key encounters of 100 adult patients
with varied evidence of OUD, including patients with and those without chronic pain, with and without medication treatment for
OUD, and a control group. We completed annotations at the sentence level. We calculated severity scores based on annotation
of note text with 18 classes aligned with criteria for OUD severity and determined positive predictive values for OUD severity.

Results: The annotation schema contained 27 classes. We annotated 1436 sentences from 82 patients; notes of 18 patients (11
of whom were controls) contained no relevant information. Interannotator agreement was above 70% for 11 of 15 batches of
reviewed notes. Severity scores for control group patients were all 0. Among noncontrol patients, the mean severity score was
5.1 (SD 3.2), indicating moderate OUD, and the positive predictive value for detecting moderate or severe OUD was 0.71. Progress
notes and notes from emergency department and outpatient settings contained the most and greatest diversity of information.
Substance misuse and psychiatric classes were most prevalent and highly correlated across note types with high co-occurrence
across patients.

Conclusions: Implementation of the annotation schema demonstrated strong potential for inferring OUD severity based on key
information in a small set of clinical notes and highlighting where such information is documented. These advancements will
facilitate NLP tool development to improve OUD prevention, diagnosis, and treatment.
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Introduction

Background
Opioid use disorder (OUD), the problematic pattern of opioid
use leading to clinically significant distress or impairment, has
remained a significant public health burden for over 2 decades
in the United States [1]. In 2021, over 9000 opioid-related
overdose deaths involved heroin and nearly 17,000 involved a
prescription opioid [2]. In 2021, overdose deaths involving any
opioid exceeded 80,000, with 88% involving synthetic opioids
like fentanyl. In addition to this significant loss of life,
approximately 2.7 million people were diagnosed with OUD
in 2021 [3], with the economic cost of the US opioid epidemic
estimated to be over US $1 trillion in 2017 [4].

OUD is a Diagnostic and Statistical Manual of Mental
Disorders, 5th edition (DSM-5) clinical diagnosis with varying
levels of severity (mild to severe) based on 11 diagnostic criteria
endorsed for a given patient. Criteria include items that assess
physiological and behavioral symptoms, as well as harmful
health and social consequences of opioid use. Access to patients’
OUD status and severity is valuable to patient care. For example,
a clinician might use such information to inform their approach
for helping manage a patient’s pain (eg, whether to use opioid
analgesics or the dose required). Information about OUD
severity aids in clinical decision-making regarding appropriate
treatment [5], such as determining whether a patient should be
referred for psychotherapy versus an inpatient or outpatient
treatment facility. OUD severity has also been proposed for use
in measurement-based care to track indicators of disease and
improved outcomes [6]. For these reasons, accurately identifying
OUD status and severity holds crucial importance to the
development of patient care strategies and clinical outcome
prediction.

Detecting and Characterizing OUD in Electronic
Health Records
Electronic health records (EHRs) include discrete fields
containing information such as diagnostic labels or medication
orders, as well as fields that contain free text from clinical notes,
encounters, and laboratory testing. Numerous algorithms using
diagnostic codes have been designed to address problematic
opioid use, including identification of patients at risk for
prescription opioid misuse [7], OUD prediction [8], nonmedical
opioid use detection [9,10], identification of OUD [11],
characterization of problematic opioid use [12], and overdose
risk prediction [13]. However, the success of such algorithms
is limited when diagnostic codes are minimally applied to patient
charts. Information about substance use disorders may be
missing from EHRs due to a variety of factors, including
disjointed care across hospitals, lack of specialty diagnostic
expertise, or stigma of a given diagnosis. Thus, OUD can be
challenging to isolate within a patient’s medical record [14,15].
Furthermore, most algorithms have been developed in the
context of research focusing on patients with prescription opioid

misuse or chronic pain. Patients with chronic pain with opioid
prescriptions are at increased risk for opioid misuse [16,17],
but only focusing on such populations may exclude patient
populations with illicit opioid use or otherwise outside of chronic
pain treatment. Previous research indicates clinical notes provide
a source of rich information that could improve efforts to
identify and characterize OUD [12,18,19].

Importance of Annotation for Developing and
Evaluating Natural Language Processing Tools
Natural language processing (NLP) tools have the potential to
improve OUD detection and severity characterization, but many
NLP frameworks require high quality data with reliably labeled
OUD-related information. Common workflows for generating
such a data set entail developing a schema (eg, containing
classes [entities and events] and attributes [qualifiers])
representing OUD-related information, creating a codebook of
instruction for the annotation process, conducting an agreement
study to assess schema reliability, and facilitating consensus
review of disagreements to generate a reference standard for
benchmarking the NLP system [20]. Prior to these steps, it is
imperative to understand how and where relevant information
is documented in EHRs to inform data extraction and subsequent
automation. Generally, this step is not well described in the
scientific literature, nor are the documentation patterns of such
information well characterized in studies. This step can be
critical to informing intelligent search of EHRs and limiting the
note types necessary for operationalizing the algorithm, thereby
reducing computational effort and potentially improving
accuracy. Although prior studies have used NLP to identify
problematic opioid use from EHRs [21-26], few have described
an annotation process and none have reported documentation
patterns for OUD-relevant information within clinical notes.

Study Objectives
Our long-term goal is to develop an automated NLP method to
identify OUD arising from prescription or illicit opioid use and
characterize the severity of such use that can be used for future
EHR-based studies to drive informatics solutions to improve
the prevention, diagnosis, and treatment of OUD through clinical
care. Toward this goal, we developed an annotation schema to
characterize severity and documented patterns of OUD-relevant
information. Using clinical notes of varying type and across
encounter settings from a large integrated health system, we
annotated OUD symptoms and other relevant information,
comparing several heterogenous cohorts—including patients
with chronic pain, OUD diagnoses, and receiving medication
treatment for OUD—to explore the following questions:

• How accurately can OUD severity be inferred from text
from a small number of targeted clinical notes per patient?

• Where and how do clinical teams document OUD-related
information, in terms of clinical note types and encounter
settings?
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• How is OUD-related information documented over time
relative to an opioid- or OUD-specific health care
encounter?

• What is the frequency of OUD-related concepts and their
co-occurrence in clinical notes?

This information, along with the annotation schema developed
and described in this study, may be useful in future development
of NLP methods to identify and characterize the severity of
OUD.

Methods

Study Design
We developed an annotation schema to identify patients with
OUD stemming from either prescription or illicit opioid use
and characterize OUD severity based on DSM-5 criteria. We
applied the schema to deidentified clinical notes from patients
with varying evidence of OUD and a comparison group with
minimal exposure to opioid analgesics.

Ethical Considerations
The Geisinger Institutional Review Board and University of
Pennsylvania reviewed and approved the protocol for this study
(2021-0113).

Study Population
We obtained clinical notes from EHRs of 100 adult patients
from Geisinger, a large integrated health system that serves a
largely rural area of central and northeast Pennsylvania. We
used stratified random sampling to select 20 individuals from
each of 5 mutually exclusive groups, stratifying by sex and age
categories (18-29, 30-39, 40-49, 50-59, and 60 years and older)
to ensure diversity and equal representation in the data set. Study
groups were selected from preexisting data sets used in prior
studies [11,27,28] to represent various methods of identifying
patients with likely or diagnosed OUD from EHRs and a control
group (Textbox 1). Further, 2 groups represented chronic pain
patients with (at least mild) OUD confirmed through chart
review [27] and patient report as to whether their opioid use
began with an opioid analgesic prescription (group CP-RX) or
not (group CP-nonRX). In total, 2 groups had at least one OUD
diagnostic code, but differed as to whether they had an order
for medication treatment of OUD such as buprenorphine (group
OUD-TX) or not (group OUD-DX). The control group had a
single opioid analgesic order in their EHR. Diagnoses and orders
used to define study groups occurred within this study’s period
of January 2012 to March 2020.
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Textbox 1. Inclusion and exclusion criteria for each study group.

CP-RX

• Inclusion criteria:

• Chronic pain: chronic pain was defined as having at least two opioid analgesic prescriptions for nonprogressive musculoskeletal pain.

• Opioid use disorder (OUD; mild, moderate, or severe) confirmed through chart review.

• Opioid use began with opioid analgesic prescription. Based on self-report in a survey question.

• Exclusion criteria:

• Non-European ancestry: individuals with non-European ancestry were excluded because this study’s sample was originally assembled for
a genetic study.

CP-nonRX

• Inclusion criteria:

• Chronic pain.

• OUD (mild, moderate, or severe) confirmed through chart review.

• Opioid use did not begin with opioid analgesic prescription. Based on self-report in a survey question.

• Exclusion criteria:

• Non-European ancestry: individuals with non-European ancestry were excluded because this study’s sample was originally assembled for
a genetic study.

OUD-DX

• Inclusion criteria:

• At least one diagnosis code for OUD. International Classification of Disease codes used to define OUD were based on Jennings et al [29].

• Exclusion criteria:

• Chronic pain.

• Order for medications for OUD including buprenorphine, buprenorphine-naloxone, and naltrexone. Geisinger providers did not prescribe
methadone for OUD treatment.

OUD-TX

• Inclusion criteria:

• At least one diagnosis code for OUD.

• Order for medications for OUD.

• Exclusion criteria:

• Chronic pain.

Control

• Inclusion criteria:

• In total, 1 opioid analgesic order.

• Exclusion criteria:

• Chronic pain.

• Diagnosis code for OUD.

• Order for medications for OUD.
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Data Collection
We obtained notes from inpatient, outpatient, and emergency
department (ED) encounters. In total, 11 note types were
obtained, selected based on clinician input: outpatient clinic
notes, progress notes, ancillary progress notes, history and
progress (H&P) notes, discharge summaries, ED notes, ED
provider notes, ED triage notes, ED support staff notes,
communication notes, and lactation notes. We obtained notes
for 3 encounter dates per patient: an index date representing
either the first observed OUD diagnosis (for OUD-DX and
OUD-TX groups and some patients in the CP-RX and
CP-nonRX groups) or the most recent opioid analgesic order
(for some patients in the CP-RX and CP-nonRX groups and all
patients in the control group) and the encounters immediately
prior to and following the index date. Multiple notes per patient
were obtained for some encounter dates. Notes were deidentified
using Philter [30].

Annotation Schema Development and Procedures
Schema development was based upon pilot work [18]. We
revised the pilot schema to map classes onto DSM-5 criteria
for characterizing OUD severity and to clarify or eliminate
ambiguous concepts. We leveraged the extensible Human Oracle
Suite of Tools, an open-source text tool [31] to annotate notes.
In total, 2 authors (MNP and PJF) separately reviewed and
annotated notes across 15 batches (batched by note type).
Annotation was completed at the sentence level, assigning full
sentences to one or more relevant classes. After each batch, the
2 reviewers adjudicated discordances through discussion, with
other study team members providing input when discordances
remained unresolved. We varied the note type annotated in
consecutive batches to ensure portability of the schema across
note types.

Severity Score
We calculated a severity score for each patient based on
annotations in their notes. Scores used 18 of the annotation

schema classes, which mapped onto the DSM-5 criteria for
characterizing OUD severity (Multimedia Appendix 1). The
“crosswalk” between classes and DSM-5 criteria was based on
a systematic chart review process developed by Palumbo et al
[27] and adapted by Poulsen et al [11]. Scores ranged from 0
to 11. Severity was categorized based on DSM-5 guidelines
(0-1=no OUD; 2-3=mild OUD; 4-5=moderate OUD; >6=severe
OUD).

We calculated positive predictive values (PPVs) for detecting
moderate or severe OUD among patients with annotations for
the 4 study groups with likely or diagnosed OUD, and again
for patients categorized into 2 groups based on their index
encounter reason (OUD diagnosis or opioid analgesic order).
PPVs were calculated as the number of patients with a severity
score >4 divided by the total number of patients with
annotations. We did not calculate PPVs separately for severity
category (mild, moderate, and severe), as there was insufficient
information in EHRs on which to base such a comparison. We
also calculated PPVs among the full sample of patients
(regardless of whether they had annotations), a more
conservative quantification of the severity score’s validity that
accounts for the lack of OUD-relevant information observed in
the reviewed notes.

Results

Annotation of Clinical Notes
The annotation schema contained 27 classes, 12 of which
included attributes (Figure 1; Multimedia Appendix 2).
Interannotator agreement (IAA) for the 2 reviewers ranged from
20% to 100% across the 15 batches of reviewed notes but was
above 70% for all except 4 batches (Figure 2). Lower IAA
occurred with less frequently annotated classes and for classes
with an attribute denoting a historic concept (eg, psychiatric
condition current vs historic; IAA results not shown by class).
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Figure 1. Annotation schema for characterizing OUD severity from clinical note text. OUD: opioid use disorder.

Figure 2. Interannotator agreement across batches of notes with note type and number of notes reviewed per batch. Each batch was a different note
type. ED: emergency department; H&P: history and progress.

From the 100 sampled patients and 320 associated notes, we
annotated 1436 sentences within 186 notes from 82 patients
over 15 batches. The remaining notes did not yield any
annotations (ie, they did not contain text relevant to the
classification schema). Most patients without annotations were
controls (11/18, 61%) and most had an index encounter based
on an opioid analgesic order (16/18, 89%). They also had fewer

notes available (mean 1.8, SD 1.1) and no notes were from the
inpatient setting.

Among the 4 noncontrol groups, 73 patients had annotations
(Table 1). OUD-TX was the only group in which all 20 sampled
patients had at least one note with text relevant for annotation
and the group accounted for the largest proportion of
annotations.
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Table 1. Counts of patients, notes, and annotated sentences for each study group.

Count of annotated
sentences, n (%)

Count of notes with an-
notations, n (%)

Index encounteraCount of patients with annota-
tions, n (%)

Study group

Opioid order, n
(%)

OUDb diagnosis, n
(%)

170 (12)29 (16)8 (50)8 (50)16 (20)CP-RX

277 (19)32 (18)4 (22)14 (78)18 (22)CP-nonRX

363 (25)50 (27)0 (0)19 (100)19 (23)OUD-DX

602 (42)61 (34)0 (0)20 (100)20 (24)OUD-TX

24 (2)14 (8)9 (100)0 (0)9 (11)Control

aReason for selecting index encounter, either a diagnosis of OUD or an order for an opioid analgesic.
bOUD: opioid use disorder.

Can Severity of Problematic Opioid Use Be Inferred
From a Limited Number of Clinical Notes?
We used annotated classes to calculate severity scores for the
82 patients with annotations. All control group patients had a
score of 0. The mean severity score among the 73 patients in
noncontrol groups was 5.1 (SD 3.2). The majority (48/73, 66%)
had a score >6 (indicating severe OUD), 4 of 73 (5%) had a

score of 4-5 (indicating moderate OUD), 2 of 73 (3%) had a
score of 2 (indicating mild OUD), and 19 of 73 (26%) had a
score of 0-1 (indicating no OUD). Severity scores were highest
for the OUD-TX group and lowest for the CP-RX group (Table
2). The mean severity score among these 73 patients was 6.0
(SD 2.7) for those whose index encounter was selected based
on an OUD diagnosis and 0.6 (1.7) for those with an index
encounter based on an opioid analgesic order.

Table 2. Average OUDa scores among 82 patients with annotated sentences.

PPVsc for moderate or severe OUDCount of patients by OUD severityMean (SD) OUD
score

Study group or index en-

counter reasonb

All sampled
patients

Patients with annota-
tions

Severe, n
(%)

Moderate, n (%)Mild, n
(%)

None, n (%)

0.400.507 (44)1 (6)0 (0)8 (50)3.4 (3.4)CP-RX

0.550.6110 (56)1 (6)0 (0)7 (39)4.5 (3.9)CP-nonRX

0.750.7914 (74)1 (5)1 (5)3 (16)5.2 (2.5)OUD-DX

0.900.9017 (85)1 (5)1 (5)1 (5)6.8 (2.2)OUD-TX

N/AN/Ad0 (0)0 (0)0 (0)9 (100)0.0 (0.0)Control

0.810.8447 (77)4 (7)2 (3)8 (13)6.0 (2.7)OUD diagnosis

0.030.081 (1)0 (0)0 (0)11 (92)0.6 (1.7)Opioid analgesic order

aOUD: opioid use disorder.
bReason for selecting index encounter, either an OUD diagnosis or an order for an opioid analgesic.
cPPV: positive predictive value.
dN/A: not applicable.

The PPV for detecting moderate or severe OUD among the 73
noncontrol group patients with annotations was 0.71. PPVs
were highest for OUD-TX group at 0.90 (Table 2). At 0.84, the
PPV for detecting moderate or severe OUD using the notes of
patients whose index encounter was selected based on an OUD
diagnosis was higher than patients whose index encounter was
based on an opioid analgesic order (PPV=0.08).

The mean number of notes per patient that were reviewed and
annotated differed slightly by degree of severity (Table 3), but
these differences were not statistically significant (1-way
ANOVA for mean number of notes reviewed: F3,78=0.60; P=.62;

for mean number of notes annotated: F3,56=1.46; P=.24). We
observed no consistent patterns in the frequency of note types
or encounter types by severity.

History of substance misuse was among the most prevalent
classes across severity groups and was present in 56-126
(17%-38%) of the 332 notes (Table 3). For those with “no
OUD,” the classes psychiatric condition and daily tobacco use
were also common. The class OUD treatment automatically led
to a classification of “severe OUD” and was present in 36 (16%)
of the 226 notes among patients scored as “severe OUD.”
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Table 3. Note characteristics by OUDa severity among 100 sampled study patients with 332 notes.

OUD severityNot annotatedNote characteristics

SevereModerateMildNone

Patients, n

48422818

Notes reviewed, n

22617129832

Number of notes reviewed per patient, mean (SD)

3.8 (2.3)4.0 (3.0)5.0 (0.0)3.3 (2.3)1.8 (1.2)

Total number of notes annotated, n

214151290N/Ab

Number of notes with annotations per patient, mean (SD)

3.3 (2.2)3.8 (3.0)5.0 (0.0)2.3 (2.0)N/A

Note type, n (%)

45 (20)7 (41)1 (8)24 (24)17 (53)Progress notes

46 (20)1 (6)6 (5)21 (21)0 (0)H&Pc notes

33 (15)2 (12)1 (8)9 (9)4 (13)EDd notes

28 (12)5 (29)2 (17)22 (22)3 (9)ED provider notes

38 (17)1 (6)2 (17)16 (16)0 (0)Discharge summaries

15 (7)0 (0)0 (0)1 (1)2 (6)ED triage notes

11 (5)0 (0)0 (0)1 (1)0 (0)Ancillary progress notes

2 (1)0 (0)0 (0)1 (1)0 (0)Communication notes

1 (0)0 (0)0 (0)2 (1)1 (3)OPTe clinic notes

6 (3)1 (6)0 (0)1 (1)5 (16)ED support staff notes

1 (0)0 (0)0 (0)0 (0)0 (0)Lactation notes

Encounter type, n (%)

31 (14)3 (18)1 (8)25 (26)18 (56)OPT

97 (43)10 (59)5 (42)33 (34)14 (44)ED

67 (30)4 (24)6 (50)21 (21)0 (0)ED to IPTf

31 (14)0 (0)0 (0)18 (18)0 (0)IPT

Most frequent classes (percentage of notes with class)a

History of sub-
stance misuse
(18%)

Psychiatric condi-
tion (22%)

History of sub-
stance misuse
(22%)

History of sub-
stance misuse
(38%)

N/A

OUD treatment
(16%)

History of sub-
stance misuse
(17%)

Withdrawal (22%)Psychiatric condi-
tion (31%)

N/A

aOUD: opioid use disorder.
bN/A: not applicable.
cH&P: history and progress.
dED: emergency department.
eOPT: outpatient.
fIPT: inpatient.
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Where Is OUD-Relevant Information Found in Clinical
Notes and How Is it Documented Over Time?
Progress notes, the most common note type in the sample, had
the largest total number of annotations, was among the highest
yielding note types with an average of 9.3 annotations per note
(SD 10.4), had the greatest diversity of classes represented, and
was the only note type in which we observed the class OUD

(signifying a definitive OUD diagnosis; Figure 3; Table 4).
However, progress notes had a lower proportion of notes with
annotations compared to other note types. H&P notes had the
largest proportion of notes with annotations, followed by
discharge summaries, ED provider notes, and ED notes (Table
4). These 4 note types also represented a large diversity of
classes.

Figure 3. Heatmap of class frequencies by note type. ED: emergency department; H&P: history and progress; OUD: opioid use disorder.
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Table 4. Count of notes and annotated sentences by note type among the 1436 annotated sentences.

Mean (SD)
number of anno-
tated sentences
per note

Number of an-
notated sen-
tences, n (%)

Counts of notes with annotated sentences by encounter setting
(percentage of total)

Number of
notes with an-
notated sen-
tences, n (%)

Number of
notes

Note type

IPT, n (%)OPTc, n (%)ED to IPTb, n (%)EDa, n (%)

9.3 (10.4)574 (40)51 (82)3 (5)7 (11)1 (2)62 (67)92Progress notes

7.3 (5.7)196 (14)0 (0)6 (22)13 (48)8 (30)27 (90)30H&Pd notes

9.5 (9.9)237 (17)0 (0)0 (0)4 (16)21 (84)25 (78)32ED notes

7.7 (7.0)177 (12)0 (0)0 (0)5 (22)18 (78)23 (82)28ED provider
notes

7.5 (6.4)172 (12)0 (0)8 (35)10 (43)5 (22)23 (88)26Discharge sum-
maries

2.4 (1.7)22 (2)0 (0)0 (0)0 (0)9 (100)9 (35)26ED triage notes

2.1 (1.2)19 (1)0 (0)3 (33)4 (44)2 (22)9 (30)30Ancillary
progress notes

1.7 (0.6)5 (0)0 (0)1 (33)2 (67)0 (0)3 (25)12Communication
notes

13.0 (15.6)26 (2)2 (100)0 (0)0 (0)0 (0)2 (50)4OPT clinic
notes

3.5 (2.1)7 (0)0 (0)0 (0)1 (50)1 (50)2 (5)38ED support
staff notes

1.0 (N/Ae)1 (0)0 (0)1 (100)0 (0)0 (0)1 (50)2Lactation notes

aED: emergency department.
bIPT: inpatient.
cOPT: outpatient.
dH&P: history and progress.
eN/A: not applicable.

Regarding encounter type, compared to the inpatient setting,
notes from ED and outpatient settings had the highest

proportions of notes with annotations and a high diversity of
classes represented (Figure 4).
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Figure 4. Heatmap of class frequencies by encounter setting. ED: emergency department; IPT: inpatient; OPT: outpatient; OUD: opioid use disorder.

Some classes appeared across varied note types, such as OUD
treatment, daily tobacco use, history of substance misuse, and
psychiatric condition, whereas others tended to only appear in
a particular note type (eg, OUD, naloxone, opioid craving, and
overdose history in progress notes; drug seeking in ED notes).

The largest proportion of annotations was observed at the index
encounter for all classes except intoxication (Figure 5). The
classes opioid craving, opioid tolerance, polysubstance misuse,
and vocational consequences were only observed at the index
encounter. Annotations were more common in “new” versus
“historic” encounters, and several classes were only observed
in “new” encounters and not “historic” encounters.
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Figure 5. Count of total annotated sentences by class and proportion by encounter order among the 1436 annotated sentences. Note selection was
centered around an index encounter, during which a patient first met group inclusion criteria. “Historic” and “new” refer to notes from encounters
immediately preceding and proceeding the index encounter, respectively. OUD: opioid use disorder.

Which OUD-Related Concepts Are Most Common in
Clinical Notes?
The largest number of annotations involved classes representing
substance use not specific to opioids, with the most common
classes being history of substance misuse and daily tobacco use
(Figure 5). Except for the class overdose history, none of these
classes contributed to the OUD severity score. Classes
representing opioid misuse had the second largest number of
annotations, with OUD treatment being the most common.
Psychiatric condition, representing a contributing factor to
OUD, was also commonly observed. Few annotations with
classes representing consequences of opioid misuse occurred;
this category included some of the least common classes

including vocational consequences and opioid-related medical
issues. Several of the least commonly assigned classes
represented current lack of control of opioid use.

Which OUD-Related Concepts Are Found Together
in Clinical Notes?
Several class pairs had highly correlated frequency distributions
across note types, indicating similar documentation frequency
(Figure 6). Psychiatric condition, history of substance misuse,
opioid misuse-illicit, and opioid misuse-prescription were highly
correlated with many other classes. Conversely, classes with
the lowest correlations in their frequency distribution with other
classes included opioid tolerance, vocational consequences,
and polysubstance misuse.
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Figure 6. Correlation between and co-occurrence of classes. Color depicts correlations between distributions of class pairs documented across note
types, demonstrating how similarly 2 given classes are observed across the 11 note types. High correlation indicates classes are documented with similar
frequency distributions across note types; conversely, low correlation indicates classes have different frequency distributions across notes. Bubble sizes
depict class frequency co-occurrence at the patient level, showing how frequently 2 given classes are experienced across patients. Higher frequency
ranges indicate 2 class pairs are more frequently experienced together by a given patient; conversely lower frequency ranges indicate 2 class pairs are
less frequently experienced together. OUD: opioid use disorder.

When evaluated across patients, the classes psychiatric condition
and history of substance misuse also had high frequency of
co-occurrence with other classes, as did other illicit drug use
(Figure 6). Classes with the lowest frequency of co-occurrence
with other classes included opioid tolerance, opioid craving,
vocational consequences, and OUD.

Discussion

Principal Results
Through development and evaluation of an annotation schema
to characterize OUD severity and documentation of patterns of
OUD-relevant information, this study illustrated severity can

be inferred from a limited number of clinical notes. Severity,
determined by capturing features associated with DSM-5 OUD
severity criteria, followed the expected range of scores, with
the highest severity observed for patients receiving OUD
treatment and the lowest among those with prescriptions for
chronic pain. While severity was determined using a range of
note types, we found the most relevant information in outpatient
notes typically used for acute care and within a subset of note
types. The prevalence of schema classes varied widely,
providing information regarding the concepts most useful for
developing NLP tools.
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Inferring Severity of Problematic Opioid Use
To our knowledge, this is the first study to develop an annotation
schema to characterize OUD severity. Most patients received
a severity score indicating severe OUD or no OUD. The paucity
of scores indicating mild or moderate OUD may be explained
by our approach to mapping classes to DSM-5 criteria, the
selection of study cohorts, and the limited number of notes
reviewed. The “crosswalk” of classes and DSM-5 criteria was
based on prior work that included clinician input [11,27], but
down weighting specific classes could be justified in future uses
and would yield lower severity scores. Additionally, the
resulting PPVs for moderate or severe OUD aligned with
expectations for this study’s cohorts. Control group individuals
all had a severity score of 0, evidence of the specificity of our
approach. The OUD-TX group’s PPV of 0.90 is consistent with
successful EHR-based algorithms for other conditions [32].
This was expected since these individuals received medication
treatment for OUD, which, if documented in the notes we
reviewed, would yield a score indicative of severe OUD. The
OUD-DX group also had a high PPV, which is unsurprising
given their OUD diagnosis. OUD is often underdiagnosed
[14,15]; thus, the existence of an OUD diagnosis would be
expected to indicate a true disorder, with signs and symptoms
likely documented. That said, prior studies have found
International Classification of Diseases codes are insufficient
for accurately identifying OUD [11,12,14], which may explain
why the PPV for OUD-DX was somewhat lower than the
OUD-TX group. Both chronic pain groups had moderate PPVs
and individuals in these groups were more likely to have a score
indicating no OUD. This is likely explained by the index
encounter reason—half of the CP-RX group and nearly a quarter
of the CP-nonRX group were selected based on an opioid
analgesic order. Most individuals whose index encounter was
based on an opioid analgesic order had a score indicative of “no
OUD.” Although these 2 cohorts had OUD confirmed through
a chart review process in prior studies [27,28], the confirmation
was only for mild OUD. It is also probable that given the limited
number of notes reviewed for this study, additional notes may
have yielded information indicative of OUD, which may have
occurred later than the 3 selected encounter dates. Based on
these findings, we believe that using a limited number of notes
is likely sufficient for characterizing OUD severity only in the
presence of other confirming information, such as an OUD
diagnosis or a medication order for OUD treatment.

Documentation Patterns of Information Relevant to
OUD in Clinical Notes
To inform development of NLP methods, we explored
documentation patterns of OUD-related information. We
observed the most relevant information—as reflected by the
proportion of notes with annotated sentences—were in
ambulatory and outpatient settings, as opposed to the inpatient
setting. This suggests clinical notes from ED and outpatient
settings may yield more relevant information regarding OUD;
however, we do not recommend excluding notes from the
inpatient setting given that our pilot work demonstrated the
ubiquity of OUD-relevant information in hospital discharge
summaries [18]. Regarding note type, H&P notes, discharge
summaries, ED provider notes, and ED notes yielded the most

information pertaining to OUD, and the most diverse
information. Finally, relevant information was most often found
within notes from the index encounter and the following
encounter, demonstrating the importance of selecting notes in
reference to relevant structured EHR information and suggesting
the sensitivity of OUD severity scores may improve with review
of additional notes following the index encounter. The index
encounter was defined based on an OUD diagnostic code or the
patient’s most recent opioid analgesic order; having such a
meaningful anchor may be particularly important for
characterizing severity with limited notes. To optimize
efficiency, future studies of OUD should consider focusing on
the notes likely to yield the most relevant information. However,
our findings should be considered preliminary, as we did not
surveil all notes, opting for those surrounding the index
encounter. Documentation patterns were also likely influenced
by the reason for the encounter (eg, whether related to pain
management versus medication treatment for OUD). Thus,
findings may differ with a review of a patient’s full history of
clinical notes.

Opioid misuse, nonopioid substance abuse, and psychiatric
classes were the most common annotations in our cohort. The
prevalence of opioid misuse classes is not unexpected given
that 4 of 5 groups had confirmed OUD. Relatedly, substance
use disorders and psychiatric disorders tend to be comorbid
with OUD [33]. That said, history of substance misuse and
psychiatric condition were also the most common classes among
individuals characterized as having no OUD based on severity
criteria. Although nonopioid substance use disorders and
psychiatric disorders are risk factors for OUD, they are also
commonly comorbid with one another [33]. Indeed, genetic
predispositions for substance use disorders, including OUD,
and psychiatric disorders can be shared via genetic pleiotropy
[34]. The high prevalence and co-occurrence of substance use
disorders and psychiatric disorders was also observed across
note types and patients. Taken together, these results highlight
the importance of substance use and psychiatric classes for
developing OUD-related NLP tools.

Absence of certain concepts is also informative for NLP tool
development. Consistent with previous work [18,27], some
classes relevant to OUD severity were rarely observed, including
those representing consequences of opioid misuse and lack of
control of opioid use. Reviewing a larger set of notes in an
expanded patient sample could yield more frequent
documentation of some classes, but some classes may represent
concepts not traditionally recorded by clinicians (eg, vocational
consequences). Documentation by clinicians of additional
concepts such as the vocational, social, legal, and medical
consequences patients face due to opioid use could be useful
for patient care, particularly given the potential utility of such
information in characterizing OUD severity. Future work to
develop NLP frameworks related to OUD should consider that
information captured in clinical notes may change over time
with secular changes that occur in the drug landscape, clinical
practices and documentation, and patients’ care-seeking
behaviors.
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Limitations
This study used clinical notes from an integrated health system,
allowing for review of multiple note types across encounter
settings. Findings may be different in health systems in which
information is not integrated across settings; for example, opioid
analgesic orders may be missing and OUD treatment siloed.
Although we evaluated cohorts with varying evidence of opioid
misuse, inclusion of other patient cohorts may yield different
findings. In particular, because the cohorts were originally
assembled for a genomic study, the CP-RX and CP-nonRX
study groups included individuals only of European ancestry,
limiting the generalizability of findings to other racial groups.
Replication studies are necessary to understand whether study
findings generalize to other settings and patient populations.

Conclusions
Understanding how and where OUD-relevant information is
captured in EHRs is essential to informing development of NLP

tools to identify and characterize the severity of OUD. We
developed an annotation schema to determine OUD severity
and highlighted document patterns of OUD-relevant information
in clinical notes, which may be informative for future NLP
frameworks related to OUD. Findings suggest OUD-relevant
information is more prevalent in a subset of note types in
ambulatory and outpatient settings—particularly H&P notes,
discharge summaries, ED provider notes, and ED notes—and
that certain information relevant to OUD may only be captured
in certain note types or may be infrequently documented.
Furthermore, when reviewing a limited number of notes, having
a meaningful anchor such as an OUD diagnostic code or recent
opioid analgesic order is important for characterizing OUD
severity. Findings also demonstrate the potential for inferring
severity of OUD from key information contained in a limited
number of clinical notes, paving the way for development of
informatics solutions to improve the prevention, diagnosis, and
treatment of OUD through clinical care.

Acknowledgments
MNP received funding to complete this work from the National Institute on Drug Abuse of the National Institutes of Health
(K01DA049903). VT received funding to complete this work from the National Institute on Drug Abuse (R01DA044015 and
P50DA054071) and from the Pennsylvania Department of Health. The content is solely the responsibility of the authors and does
not necessarily represent the official views of the National Institutes of Health.

Authors' Contributions
All authors participated in the conceptualization of this study and its methodology and contributed to the original draft of the
paper. MNP was responsible for funding acquisition and project administration. MNP and PJF carried out the annotation work
and analysis and they created the visualizations used in this paper.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Crosswalk of class or attribute combinations and Diagnostic and Statistical Manual of Mental Disorders, 5th edition (DSM-5)
criteria for opioid use disorder (OUD).
[DOCX File , 18 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Classes with brief definitions, example annotated sentences, and the count of annotated sentences by class or attribute.
[DOCX File , 19 KB-Multimedia Appendix 2]

References

1. Jalali MS, Botticelli M, Hwang RC, Koh HK, McHugh RK. The opioid crisis: a contextual, social-ecological framework.
Health Res Policy Syst. Aug 06, 2020;18(1):87. [FREE Full text] [doi: 10.1186/s12961-020-00596-8] [Medline: 32762700]

2. CDC Wonder online database 2021. Centers for Disease Control and Prevention. 2023. URL: https://wonder.cdc.gov/
[accessed 2023-12-22]

3. National survey on drug use and health 2021 (NSDUH-2016-DS001). Substance Abuse and Mental Health Services
Administration, Center for Behavioral Health Statistics and Quality. 2021. URL: https://www.datafiles.samhsa.gov/dataset/
national-survey-drug-use-and-health-2021-nsduh-2021-ds0001 [accessed 2023-12-23]

4. Florence C, Luo F, Rice K. The economic burden of opioid use disorder and fatal opioid overdose in the United States,
2017. Drug Alcohol Depend. 2021;218:108350. [FREE Full text] [doi: 10.1016/j.drugalcdep.2020.108350] [Medline:
33121867]

5. Strain E, Peavy KM. Opioid use disorder: treatment overview. UpToDate. 2023. URL: https://www.uptodate.com/contents/
opioid-use-disorder-treatment-overview [accessed 2023-12-22]

JMIR Ment Health 2024 | vol. 11 | e53366 | p. 15https://mental.jmir.org/2024/1/e53366
(page number not for citation purposes)

Poulsen et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=mental_v11i1e53366_app1.docx&filename=7abb1a6e3236f7879ea4e18d03551305.docx
https://jmir.org/api/download?alt_name=mental_v11i1e53366_app1.docx&filename=7abb1a6e3236f7879ea4e18d03551305.docx
https://jmir.org/api/download?alt_name=mental_v11i1e53366_app2.docx&filename=3ae1f988a64d10257a3ef4f905050866.docx
https://jmir.org/api/download?alt_name=mental_v11i1e53366_app2.docx&filename=3ae1f988a64d10257a3ef4f905050866.docx
https://health-policy-systems.biomedcentral.com/articles/10.1186/s12961-020-00596-8
http://dx.doi.org/10.1186/s12961-020-00596-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32762700&dopt=Abstract
https://wonder.cdc.gov/
https://www.datafiles.samhsa.gov/dataset/national-survey-drug-use-and-health-2021-nsduh-2021-ds0001
https://www.datafiles.samhsa.gov/dataset/national-survey-drug-use-and-health-2021-nsduh-2021-ds0001
https://europepmc.org/abstract/MED/33121867
http://dx.doi.org/10.1016/j.drugalcdep.2020.108350
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33121867&dopt=Abstract
https://www.uptodate.com/contents/opioid-use-disorder-treatment-overview
https://www.uptodate.com/contents/opioid-use-disorder-treatment-overview
http://www.w3.org/Style/XSL
http://www.renderx.com/


6. Marsden J, Tai B, Ali R, Hu L, Rush AJ, Volkow N. Measurement-based care using DSM-5 for opioid use disorder: can
we make opioid medication treatment more effective? Addiction. 2019;114(8):1346-1353. [FREE Full text] [doi:
10.1111/add.14546] [Medline: 30614096]

7. Rice JB, White AG, Birnbaum HG, Schiller M, Brown DA, Roland CL. A model to identify patients at risk for prescription
opioid abuse, dependence, and misuse. Pain Med. 2012;13(9):1162-1173. [FREE Full text] [doi:
10.1111/j.1526-4637.2012.01450.x] [Medline: 22845054]

8. Hasan MM, Young GJ, Patel MR, Modestino AS, Sanchez LD, Noor-E-Alam M. A machine learning framework to predict
the risk of opioid use disorder. Mach Learn Appl. 2021;6:100144. [FREE Full text] [doi: 10.1016/j.mlwa.2021.100144]

9. Carrell DS, Albertson-Junkans L, Ramaprasan A, Scull G, Mackwood M, Johnson E, et al. Measuring problem prescription
opioid use among patients receiving long-term opioid analgesic treatment: development and evaluation of an algorithm for
use in EHR and claims data. J Drug Assess. 2020;9(1):97-105. [FREE Full text] [doi: 10.1080/21556660.2020.1750419]
[Medline: 32489718]

10. Canan C, Polinski JM, Alexander GC, Kowal MK, Brennan TA, Shrank WH. Automatable algorithms to identify nonmedical
opioid use using electronic data: a systematic review. J Am Med Inform Assoc. 2017;24(6):1204-1210. [FREE Full text]
[doi: 10.1093/jamia/ocx066] [Medline: 29016967]

11. Poulsen MN, Nordberg CM, Troiani V, Berrettini W, Asdell PB, Schwartz BS. Identification of opioid use disorder using
electronic health records: beyond diagnostic codes. Drug Alcohol Depend. 2023;251:110950. [doi:
10.1016/j.drugalcdep.2023.110950] [Medline: 37716289]

12. Schirle L, Jeffery A, Yaqoob A, Sanchez-Roige S, Samuels DC. Two data-driven approaches to identifying the spectrum
of problematic opioid use: a pilot study within a chronic pain cohort. Int J Med Inform. 2021;156:104621. [FREE Full text]
[doi: 10.1016/j.ijmedinf.2021.104621] [Medline: 34673309]

13. Lo-Ciganic WH, Donohue JM, Yang Q, Huang JL, Chang CY, Weiss JC, et al. Developing and validating a machine-learning
algorithm to predict opioid overdose in Medicaid beneficiaries in two US states: a prognostic modelling study. Lancet Digit
Health. 2022;4(6):e455-e465. [FREE Full text] [doi: 10.1016/S2589-7500(22)00062-0] [Medline: 35623798]

14. Arifkhanova A, Prieto JT, Davidson AJ, Al-Tayyib A, Hawkins E, Kraus E, et al. Defining opioid-related problems using
a health care safety net institution's inpatient electronic health records: limitations of diagnosis-based definitions. J Addict
Med. 2023;17(1):79-84. [doi: 10.1097/ADM.0000000000001041] [Medline: 35914026]

15. Rowe CL, Santos GM, Kornbluh W, Bhardwaj S, Faul M, Coffin PO. Using ICD-10-CM codes to detect illicit substance
use: a comparison with retrospective self-report. Drug Alcohol Depend. 2021;221:108537. [doi:
10.1016/j.drugalcdep.2021.108537] [Medline: 33621806]

16. Brat GA, Agniel D, Beam A, Yorkgitis B, Bicket M, Homer M, et al. Postsurgical prescriptions for opioid naive patients
and association with overdose and misuse: retrospective cohort study. BMJ. 2018;360:j5790. [FREE Full text] [doi:
10.1136/bmj.j5790] [Medline: 29343479]

17. Tetsunaga T, Tetsunaga T, Nishida K, Kanzaki H, Misawa H, Takigawa T, et al. Drug dependence in patients with chronic
pain: a retrospective study. Medicine (Baltimore). 2018;97(40):e12748. [FREE Full text] [doi:
10.1097/MD.0000000000012748] [Medline: 30290690]

18. Poulsen MN, Freda PJ, Troiani V, Davoudi A, Mowery DL. Classifying characteristics of opioid use disorder from hospital
discharge summaries using natural language processing. Front Public Health. 2022;10:850619. [FREE Full text] [doi:
10.3389/fpubh.2022.850619] [Medline: 35615042]

19. Singleton J, Li C, Akpunonu PD, Abner EL, Kucharska-Newton AM. Using natural language processing to identify opioid
use disorder in electronic health record data. Int J Med Inform. 2023;170:104963. [doi: 10.1016/j.ijmedinf.2022.104963]
[Medline: 36521420]

20. Velupillai S, Mowery D, South BR, Kvist M, Dalianis H. Recent advances in clinical natural language processing in support
of semantic analysis. Yearb Med Inform. 2015;10(1):183-193. [FREE Full text] [doi: 10.15265/IY-2015-009] [Medline:
26293867]

21. Alzeer A, Jones JF, Bair MJ, Liu X, Alfantouck LA, Patel J, et al. A comparison of text mining versus diagnostic codes to
identify opioid use problem: a retrospective study. Research Square. Preprint posted online on March 05 2020. 2020 [FREE
Full text] [doi: 10.21203/rs.3.rs-16124/v1]

22. Carrell DS, Cronkite D, Palmer RE, Saunders K, Gross DE, Masters ET, et al. Using natural language processing to identify
problem usage of prescription opioids. Int J Med Inform. 2015;84(12):1057-1064. [doi: 10.1016/j.ijmedinf.2015.09.002]
[Medline: 26456569]

23. Haller IV, Renier CM, Juusola M, Hitz P, Steffen W, Asmus MJ, et al. Enhancing risk assessment in patients receiving
chronic opioid analgesic therapy using natural language processing. Pain Med. 2017;18(10):1952-1960. [FREE Full text]
[doi: 10.1093/pm/pnw283] [Medline: 28034982]

24. Hylan TR, Von Korff M, Saunders K, Masters E, Palmer RE, Carrell D, et al. Automated prediction of risk for problem
opioid use in a primary care setting. J Pain. 2015;16(4):380-387. [FREE Full text] [doi: 10.1016/j.jpain.2015.01.011]
[Medline: 25640294]

25. Lingeman JM, Wang P, Becker W, Yu H. Detecting opioid-related aberrant behavior using natural language processing.
AMIA Annu Symp Proc. 2018;2017:1179-1185. [FREE Full text] [Medline: 29854186]

JMIR Ment Health 2024 | vol. 11 | e53366 | p. 16https://mental.jmir.org/2024/1/e53366
(page number not for citation purposes)

Poulsen et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/30614096
http://dx.doi.org/10.1111/add.14546
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30614096&dopt=Abstract
https://academic.oup.com/painmedicine/article/13/9/1162/1864747?login=false
http://dx.doi.org/10.1111/j.1526-4637.2012.01450.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22845054&dopt=Abstract
https://www.sciencedirect.com/science/article/pii/S2666827021000724?via%3Dihub
http://dx.doi.org/10.1016/j.mlwa.2021.100144
https://europepmc.org/abstract/MED/32489718
http://dx.doi.org/10.1080/21556660.2020.1750419
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32489718&dopt=Abstract
https://europepmc.org/abstract/MED/29016967
http://dx.doi.org/10.1093/jamia/ocx066
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29016967&dopt=Abstract
http://dx.doi.org/10.1016/j.drugalcdep.2023.110950
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37716289&dopt=Abstract
https://europepmc.org/abstract/MED/34673309
http://dx.doi.org/10.1016/j.ijmedinf.2021.104621
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34673309&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(22)00062-0
http://dx.doi.org/10.1016/S2589-7500(22)00062-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35623798&dopt=Abstract
http://dx.doi.org/10.1097/ADM.0000000000001041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35914026&dopt=Abstract
http://dx.doi.org/10.1016/j.drugalcdep.2021.108537
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33621806&dopt=Abstract
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=29343479
http://dx.doi.org/10.1136/bmj.j5790
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29343479&dopt=Abstract
https://europepmc.org/abstract/MED/30290690
http://dx.doi.org/10.1097/MD.0000000000012748
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30290690&dopt=Abstract
https://europepmc.org/abstract/MED/35615042
http://dx.doi.org/10.3389/fpubh.2022.850619
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35615042&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2022.104963
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36521420&dopt=Abstract
http://www.thieme-connect.com/DOI/DOI?10.15265/IY-2015-009
http://dx.doi.org/10.15265/IY-2015-009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26293867&dopt=Abstract
https://www.researchsquare.com/article/rs-16124/v1
https://www.researchsquare.com/article/rs-16124/v1
http://dx.doi.org/10.21203/rs.3.rs-16124/v1
http://dx.doi.org/10.1016/j.ijmedinf.2015.09.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26456569&dopt=Abstract
https://academic.oup.com/painmedicine/article/18/10/1952/2666011?login=false
http://dx.doi.org/10.1093/pm/pnw283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28034982&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1526-5900(15)00049-8
http://dx.doi.org/10.1016/j.jpain.2015.01.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25640294&dopt=Abstract
https://europepmc.org/abstract/MED/29854186
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29854186&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


26. Sharma B, Dligach D, Swope K, Salisbury-Afshar E, Karnik NS, Joyce C, et al. Publicly available machine learning models
for identifying opioid misuse from the clinical notes of hospitalized patients. BMC Med Inform Decis Mak. 2020;20(1):79.
[FREE Full text] [doi: 10.1186/s12911-020-1099-y] [Medline: 32349766]

27. Palumbo SA, Adamson KM, Krishnamurthy S, Manoharan S, Beiler D, Seiwell A, et al. Assessment of probable opioid
use disorder using electronic health record documentation. JAMA Netw Open. 2020;3(9):e2015909. [FREE Full text] [doi:
10.1001/jamanetworkopen.2020.15909] [Medline: 32886123]

28. Tormohlen KN, Mojtabai R, Seiwell A, McGinty EE, Stuart EA, Tobin KE, et al. Co-occurring opioid use and depressive
disorders: patient characteristics and co-occurring health conditions. J Dual Diagn. 2021;17(4):296-303. [FREE Full text]
[doi: 10.1080/15504263.2021.1979349] [Medline: 34581663]

29. Jennings MV, Lee H, Rocha DB, Bianchi SB, Coombes BJ, Crist RC, et al. Identifying high-risk comorbidities associated
with opioid use patterns using electronic health record prescription data. Complex Psychiatry. 2022;8(1-2):47-55. [FREE
Full text] [doi: 10.1159/000525313] [Medline: 36545045]

30. Norgeot B, Muenzen K, Peterson TA, Fan X, Glicksberg BS, Schenk G, et al. Protected health information filter (Philter):
accurately and securely de-identifying free-text clinical notes. NPJ Digit Med. 2020;3:57. [FREE Full text] [doi:
10.1038/s41746-020-0258-y] [Medline: 32337372]

31. South B, Shen S, Leng J, Forbush T, DuVall S, Chapman W. A prototype tool set to support machine-assisted annotation.
Stroudsburg, PA. Association for Computational Linguistics; Presented at: BioNLP: Proceedings of the 2012 Workshop
on Biomedical Natural Language Processing; June 8, 2012, 2012;130-139; Montréal, Canada.

32. Newton KM, Peissig PL, Kho AN, Bielinski SJ, Berg RL, Choudhary V, et al. Validation of electronic medical record-based
phenotyping algorithms: results and lessons learned from the eMERGE network. J Am Med Inform Assoc.
2013;20(e1):e147-e154. [FREE Full text] [doi: 10.1136/amiajnl-2012-000896] [Medline: 23531748]

33. Freda PJ, Moore JH, Kranzler HR. The phenomics and genetics of addictive and affective comorbidity in opioid use disorder.
Drug Alcohol Depend. 2021;221:108602. [FREE Full text] [doi: 10.1016/j.drugalcdep.2021.108602] [Medline: 33652377]

34. Hu R, Dai Y, Jia P, Zhao Z. ANCO-GeneDB: annotations and comprehensive analysis of candidate genes for alcohol,
nicotine, cocaine and opioid dependence. Database (Oxford). 2018;2018:bay121. [FREE Full text] [doi:
10.1093/database/bay121] [Medline: 30403795]

Abbreviations
DSM-5: Diagnostic and Statistical Manual of Mental Disorders, 5th edition
ED: emergency department
EHR: electronic health record
H&P: history and progress
IAA: interannotator agreement
NLP: natural language processing
OUD: opioid use disorder
PPV: positive predictive value

Edited by J Torous; submitted 06.10.23; peer-reviewed by A Jeffery, P Imhof; comments to author 22.11.23; revised version received
30.11.23; accepted 02.12.23; published 15.01.24

Please cite as:
Poulsen MN, Freda PJ, Troiani V, Mowery DL
Developing a Framework to Infer Opioid Use Disorder Severity From Clinical Notes to Inform Natural Language Processing Methods:
Characterization Study
JMIR Ment Health 2024;11:e53366
URL: https://mental.jmir.org/2024/1/e53366
doi: 10.2196/53366
PMID: 38224481

©Melissa N Poulsen, Philip J Freda, Vanessa Troiani, Danielle L Mowery. Originally published in JMIR Mental Health
(https://mental.jmir.org), 15.01.2024. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in JMIR Mental Health, is properly cited. The complete bibliographic
information, a link to the original publication on https://mental.jmir.org/, as well as this copyright and license information must
be included.

JMIR Ment Health 2024 | vol. 11 | e53366 | p. 17https://mental.jmir.org/2024/1/e53366
(page number not for citation purposes)

Poulsen et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-020-1099-y
http://dx.doi.org/10.1186/s12911-020-1099-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32349766&dopt=Abstract
https://europepmc.org/abstract/MED/32886123
http://dx.doi.org/10.1001/jamanetworkopen.2020.15909
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32886123&dopt=Abstract
https://europepmc.org/abstract/MED/34581663
http://dx.doi.org/10.1080/15504263.2021.1979349
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34581663&dopt=Abstract
https://karger.com/cxp/article/8/1-2/47/827816/Identifying-High-Risk-Comorbidities-Associated
https://karger.com/cxp/article/8/1-2/47/827816/Identifying-High-Risk-Comorbidities-Associated
http://dx.doi.org/10.1159/000525313
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36545045&dopt=Abstract
https://www.nature.com/articles/s41746-020-0258-y
http://dx.doi.org/10.1038/s41746-020-0258-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32337372&dopt=Abstract
https://europepmc.org/abstract/MED/23531748
http://dx.doi.org/10.1136/amiajnl-2012-000896
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23531748&dopt=Abstract
https://europepmc.org/abstract/MED/33652377
http://dx.doi.org/10.1016/j.drugalcdep.2021.108602
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33652377&dopt=Abstract
https://europepmc.org/abstract/MED/30403795
http://dx.doi.org/10.1093/database/bay121
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30403795&dopt=Abstract
https://mental.jmir.org/2024/1/e53366
http://dx.doi.org/10.2196/53366
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38224481&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

