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Abstract
Background As opioid prescriptions have risen, there has also been a rise in opioid overdose deaths and substance
use disorders. Public health systems have tried to improve their ability to detect and intervene in opioid use disorders
to prevent death due to overdose. The objective of this study is to compare two approaches to identify opioid use
problems (OUP) using electronic health record data- text mining versus diagnostic codes.

Methods Our sample consisted of adults on long-term opioid therapy (LTOT), de�ned as at least ≥ 70 days of supply
within 90 days, and who visited a large multi-hospital network within a two-year period, between 1 January 2013 and
31 December 2014. We excluded patients with active cancer or schizophrenia. Text mining results were validated by a
semi-assisted human review process and positive predictive value and level of agreement was reported. Each
algorithm sought to identify patients who visited a health care facility due to an opioid poisoning event, opioid abuse,
or opioid dependence. Population characteristics for positive OUP identi�ed by text mining and ICD cohorts were
compared. Chi-square and Fishers exact test were used for categorical data analysis and independent t-test was used
to compare means for continuous variables. We further compared the demographics of the cohorts identi�ed by the
two methods.

Results We identi�ed 14,298 eligible LTOT patients. Text mining of relevant electronic clinical notes yielded 127
positive OUP cases compared to 45 cases using International Classi�cation of Disease (ICD)-9 codes for the same
population. Just eight OUP patients were identi�ed using both methods. The two cohorts differed signi�cantly with
respect to age, gender, and other characteristics.

Conclusions Compared to diagnostic codes, text mining identi�ed more OUP cases with distinct characteristics.
Incorporating text-mining techniques into OUP surveillance methods may support better detection of OUP and more
accurate estimates of prevalence.

A. Background
Opioids are a class of medications prescribed to relieve pain. Before the 1980s, opioids were mainly prescribed by
surgeons to relieve immediate postoperative pain or pain related to cancer (1, 2). However, during the 1980s,
aggressive pain treatment using opioids for chronic, non-cancer pain was encouraged(1, 3). Advocacy groups, such
as the American Pain Foundation, continued to push for more aggressive pain management including more liberal
use of opioids during the late 1990s and through the 2000s (1, 4–6). Opioid prescriptions increased from 142 to
248 million between 1999 and 2012 (7, 8), and opioid sales quadrupled from 1999 to 2010 (9). Speci�c medications,
such as hydrocodone, doubled in consumption between 1999 and 2011 (10).

In addition to an increase in the number of opioid prescriptions, the percentage of opioid overdose deaths and
substance use disorder treatment increased from 1999 to 2008 (11). In 2015, drug overdose incidents accounted for
52,404 U.S. deaths and opioid use was involved in approximately 63% of those incidents (12). The 2016 National
Survey on Drug Use and Health indicated that there were approximately 11.8 million people in the U.S. aged 12 years
or older who misused opioids in the past year (13). At the state level, Indiana reported 785 opioid-related overdose
deaths with a substantial increase in heroin-related overdose deaths (14). Compared to 2012, heroin-related overdose
deaths increased from 110 to 296 in 2016 (14).

Despite opioid misuse becoming an epidemic and receiving a public health emergency declaration by the U.S.
government in 2018, reporting of opioid problems may still impose some challenges and is likely underreported. For
example, differences in target outcome de�nitions (“opioid use disorder” vs. “opioid overdose” vs. “opioid abuse”) and
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population inclusion criteria (minimum medication day’s supply or number of opioid prescriptions) may alter the
ability to achieve consensus on the problem de�nition and the population that requires intervention (15). Despite
these differences, the International Classi�cation of Diseases (ICD) is a standard method used by health care
providers to diagnose opioid use disorder, overdose, abuse, and dependence (which we will refer to in this study as
Opioid Use Problems or OUP). However, the issue with reporting opioid use problems de�ned by ICD codes is the fact
that these codes often understate the actual number of patients exhibiting the target categorization (16, 17).

Thus, we examined the literature to identify alternative methods to identify OUP in addition to ICD codes. We found a
limited number of studies that discuss alternative methods such as natural language processing (NLP), or text
mining, in a general healthcare setting (18–21). The use of text mining in these studies varied from accelerating
documentation in patient records to automatically parsing and coding clinical events or assisting clinical decision-
making by classifying speci�c complex diagnoses.

More relevant studies addressing NLP/text mining to identify OUP were identi�ed as well (22–24). Carrell et al. (2015)
developed an NLP process to identify OUP in electronic health records (EHRs) at Group Health, a healthcare system in
Seattle, WA, USA. The study found that conventional diagnostic codes for OUP identi�ed 2,240 (10.1%) patients and
NLP identi�ed an additional 728 (3.1%) patients by analyzing patients’ clinical notes (24). Hylan et al. (2015) also
used NLP to “report on a predictive model developed to assess the likelihood of problem opioid use over a 2- to 5-year
period in patients on chronic opioid therapy” within the Group Health system. For the regression model predicting
problem opioid use, the sensitivity was e 58.3% and speci�city 71.2% (22). While these early efforts to use NLP/text
mining are encouraging, all identi�ed studies were developed and evaluated in a single health care organization,
limiting the generalizability. Thus, in our study, we sought to examine the use of NLP on identi�cation of OUP across
different populations and healthcare settings and compare to the use of ICD-9 codes in those same settings.

In this study, we employed methods for identifying OUP using administrative and EHR data and reported identi�ed
patients’ characteristics and healthcare utilization for both methods. We discuss how identi�ed populations differ
and overlap, and whether adding a text mining approach could improve identi�cation of OUP for patients on long-
term opioid therapy (LTOT) for a large population across a multi-site healthcare system.

 

B. Methods
a. Methods Overview

Following Institutional Review Board (IRB#: 1710876219) and Regenstrief Institute (RI) Data Management Committee
approvals, we identi�ed an LTOT cohort pulled from clinical notes within Indiana University Health (IUH), a large
healthcare network in Indiana with 3,541 staffed beds and 2,563,086 outpatient visits across 18 facilities (25). OUP
was determined using diagnostic codes from patients’ health records and a text-mining algorithm was applied to the
clinical notes. Finally, we compared the two approaches using frequency and rate of OUP per 1,000 LTOT patients.
Additionally, we compared health care utilization (outpatient visits, emergency department visits, hospitalizations,
cumulative hospitalization days).

b. Sample De�nition

Our sample consisted of adult (age >= 18 years) patients who visited an IUH facility and received LTOT, which we
de�ned as patients prescribed 70 days of supply within any given 90-day period, between 1 January 2013 and 31
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December 2014 (24 months). We excluded patients with active cancer (ICD-9 codes 140.x 172.x, 174.x 209.xx, 235.x
239.xx, 338.3) to focus on LTOT for non-cancer chronic pain. Patients with schizophrenia were also excluded due to
the documented high percentage of opioid dependence among this population (ICD-9 code 295.9) (26).

c. Variables of Interest

We compared patient characteristics of interest based on the OUP phenotype and included: demographics (age,
gender, race, and ethnicity), alcohol abuse, non-opioid abuse, tobacco use, mental health disorders, and hepatitis C.
For this study, mental health disorders were identi�ed as depressive disorder (ICD-9 codes 296.2x, 296.3x, 300.4, 311),
suicide attempt or other self-injury (ICD-9 codes E95x.x, E98x.x), or anxiety disorder (ICD9 codes 300.0x, 300.21,
300.22, 300.23, 300.3, 308.3, 309.81).

d. Report Type Selection

Due to the large number of clinical report types generated and included in the EHR, we included only report types that
were deemed most relevant to clinical and data experts to OUP identi�cation. Nine report types were selected as most
relevant for OUP identi�cation. The query returned 142,971 reports: Emergency Department Doctor Progress Notes
(48,898), Emergency Department Discharge Notes (28,637), Primary Care Doctor Outpatient Progress Notes (26,669),
Visit Notes (21,868), Discharge Summaries (11,731), History and Physicals (2,759), Admission History & Physicals
(1,390), Preadmission History/Physicals (576), Primary Care Doctor Outpatient History and Physical /Initial Consulta
(443). The top 5 most common report types generated over 96% (137,802) of total reports, while the bottom 4 least
common were only responsible for 4% of reports generated. Due to labor constraints, the bottom 4 report types
(Admission History and Physical, Preadmission History/Physical, Primary Care Doctor Outpatient History and
Physical /Initial Consult) were excluded.

e. Identify Patients with OUP

We used two methods to identify OUP: 1) text-mining and 2) ICD-9 approaches.

        I.         Identify OUP using a Text Mining Process

The process of identifying OUP using text mining involved 2 main steps: 1) algorithm development to �ag potential
positive reports; and 2) validation using semi-assisted manual review.

1- Algorithm Development to Flag Potential Positive Cases Using nDepth™

We applied the text-mining package provided by nDepth™ to parse medical notes to detect OUP. nDepth™ is an NLP
tool designed by the Regenstrief Institute in Indianapolis to extract data from the Indiana Network for Patient Care
(INPC), which is a healthcare database managed by the Regenstrief Institute on behalf of the Indiana Health
Information Exchange (IHIE) (27, 28). As IUH is part of INPC, nDepth™ was used to query patients’ clinical notes to
identify possible opioid use problems. To develop the algorithm, 2 keyword lists adopted from the literature were
entered into nDepth™ (24). The �rst list was comprised of opioid terms (e.g., Vicodin, Opiate), and the second list was
comprised of problem terms (e.g., addiction, abuse) (Appendix A.1). nDepth™ creates state machines, an algorithm
that parses report types for certain criteria, to check for all possible combinations of the 2 lists within a 5-word
distance. Flagged results are automatically checked for whether the statement is negated, hypothetical, historical, or
experienced. This process itself was adopted from the ConText algorithm developed by Harkema et al. (2009) (29).
Thus, if the system determined the patient statement was not negated or deemed hypothetical or historical, those
�ags were deemed as experienced (considered positive).
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2- Semi-Assisted Manual Review Validation Process

Flagged reports were reviewed by 2 trained reviewers who used a semi-assisted manual review. In case of
disagreement, an expert physician acted as a third reviewer to resolve the dispute. To avoid overlooking any signs of
opioid use problems, nDepth™ was programmed to highlight 27 suggestive phrases in the �agged reports. These
phrases were collected from the literature and modi�ed based on common clinical dialog in Indiana (Appendix A.2).
In cases where there was more than one �agged report per patient, the system randomly selected one type of the
�agged reports to be reviewed per patient. The criteria chosen to determine OUP were adopted from a study by Carrell
et al. (2015) and listed in Table 1. Of note, as using marijuana medically and recreationally is currently illegal in
Indiana, its use was treated as concurrent use of an illicit drug during manual review. Other modi�cations were also
adopted based on initial reviews of subsets of patients’ clinical reports.

 

Table 1 The criteria for identifying opioid use problems in patients’ clinical notes
No. Criteria for opioid use problems

1 Substance abuse treatment, including referral or recommendation
2 Methadone or suboxone treatment for addiction
3 Obtained opioids from nonmedical sources
4 Loss of control of opioids, craving
5 Family member reported patient’s opioid addiction to clinician
6 Significant treatment contract violation
7 Concurrent alcohol abuse/dependence (not remitted)
8 Concurrent use of illicit drugs
9 Current or recent opioid overdose
10 Pattern of early refills (not an isolated event)
11 Manipulation of physician to obtain opioids
12 Obtained opioids from multiple physicians surreptitiously
13 Opioid taper/wean due to problems, lack of efficacy (not due to expected pain improvement)
14 Unsuccessful taper attempt
15 Rebound headache related to chronic opioid use
16 Concurrent use of unauthorized narcotics (polypharmacy)
17 Physician states opioid abuse/overuse/addiction or listed ICD codes for opioid abuse/dependence

 

II.         Identify OUP Using ICD-9 Codes

Two de�nitions from the literature utilizing ICD-9 codes were combined to create a case de�nition of OUP: opioid
abuse and dependence (304.00, 304.01, 305.50, 305.51, 304.71, 304.02, 304.70, 305.52) and opioid poisoning (965.0,
965.00, 965.01, 965.02, 965.09, E850.0, E850.1, E850.2) (Appendix A.3). These de�nitions were combined to minimize
the chance of systematically creating type II errors by capturing the wider spectrum of opioid use problems among
the study population.

f. Analysis

Frequency tables are used to describe population characteristics. Population characteristics for positive OUP
identi�ed by text mining and ICD cohorts were compared. Chi-squared and Fishers exact tests were used for
categorical data analysis and independent t-tests were used to compare means for continuous variables.

C. Results
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We identi�ed and compared OUP using ICD-9 codes and text mining techniques.

The results are summarized in Figure 1.

a. Sampling Results

Adult patients from IUH on LTOT were queried and our inclusion criteria returned 34,661 patients. Applying our
exclusion criteria, cancer and schizophrenia, excluded 11,579 (33.4%) patients (11,121 cancer patients, 272 with
schizophrenia [186 with both schizophrenia and cancer]). We identi�ed 23,082 patients who received LTOT and
generated 559,464 reports across the IUH system. Our report selection criteria excluded 8,784 patients, leaving 14,298
eligible patients which generated 137,804 reports. Nearly 60% of the LTOT population were over 55 years old, and
women represented 62% of the LTOT population. The white race was in the majority among the LTOT population
(86%), while black patients represented 12%, and other or unknown races were 2%. Non-Hispanic or Latino ethnicity
represented 87% of the LTOT population (Table 2).

b. Identi�cation of Opioid Use Problems Using a Text-Mining Approach

Our algorithm �agged 468 distinct statements in 366 unique reports representing 154 patients. For validation and to
con�rm the presence of OUP, 2 reviewers each reviewed 1 �agged report per positive patient based on speci�c criteria
(Table 1). Out of 154 �agged patients, only 127 patients were deemed as positive cases of OUP with a positive
predictive value (PPV) of 82%. Cohen’s κ was run to determine if there was agreement between the 2 reviewers’
judgement on whether a subset of 200 patients in the study cohort were meeting any OUP criteria. There was
moderate agreement between the 2 reviewers’ judgements: κ = 0.691 (95% CI, 0.58 to 0.79), p < .0005.

 

Table 2 Characteristics of individuals on long term opioid therapy exclusive of those with cancer or schizophrenia
Demographics Study Cohort

N(%)
Age (18-24) 236 (1.7%)
25-34 891 (6.2%)
35-44 1,749 (12.2%)
45-54 2,808 (19.6%)
55-64 3,222 (22.5%)
>65 5,392 (37.7%)
Sex (women) 8,923 (62.4%)
Men 5,375 (37.6%)
Race (Black) 1,719 (12.0%)
White 12,367 (86.5%)
Other/Unknown 212 (2.0%)
Ethnicity (Not Hispanic or Latino) 12,369 (86.5%)
Hispanic or Latino 138 (1.0%)
Unknown 1,791 (12.5%)
Alcohol Abuse (Yes) 88 (0.6%)
Non-opioid Abuse (Yes) 88 (0.6%)
Tobacco Use (Yes) 912 (6.4%)
Depression (Yes) 845 (5.9%)
Self-injury (Yes) 14 (0.1%)
Hepatitis C (Yes) 94 (0.7%)
Total 14,298
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Frequency distribution of criteria to identify OUP in patients’ clinical notes were ranked as follows [OUP criteria,
Frequency (percentage)]: [Physician states narcotic abuse/overuse/addiction or listed ICD codes for opioid
abuse/dependence, 48 (38%)]; [Concurrent use of illicit drugs, 18 (14%); Methadone or suboxone treatment for
addiction, 15 (12%)]; [Concurrent use of unauthorized narcotics (polypharmacy), 11 (9%)]; [Current or recent opioid
overdose, 10 (8%)]; [Concurrent alcohol abuse/dependence (not remitted), 9 (7%)]; [Obtained opioids from multiple
physicians surreptitiously, 8 (6%)]; [Physician or patient wants immediate taper, 3 (2%)]; [Substance abuse treatment,
including referral or recommendation, 2 (2%)], [Signi�cant treatment contract violation, 2 (2%)]; [Family member
reported patient’s opioid addiction to clinician, 1 (1%)]

c. Text Mining OUP Identi�cation in Comparison To ICD-9

Querying the same LTOT population for designated ICD-9 codes to identify OUP returned 49 distinct diagnoses
representing 45 unique patients (4 patients had 2 distinct positive OUP ICD-9 codes). The frequency distribution of
positive ICD-9 codes for OUP were ranked as the following [ICD-9 code, Frequency (percentage)]: [304 “opioid
dependence unspeci�ed”, 24 (49%)], [305.5 “Nondependent opioid abuse”, 9 (18%)], [304.01 “opioid dependence    
continuous”, 5 (10%)], [965 “Non-speci�c-Poisoning by opiates and related narcotics”, 3 (6%), 965.01, 3 (6%)], [E850.2
“Accidental poisoning by other opiates and related narcotics”, 2 (4%)], [304.71 “opioid/other dependence continuous”,
1 (2%)], [965.09 “Speci�c -Poisoning by other opiates and related narcotics”, 1 (2%)], [E850.0 “Accidental poisoning by
heroin”, 1 (2%)] (Appendix A.4). Eight patients were identi�ed as having OUP using both the text mining approach and
ICD-9 codes (Appendix A.5).

The frequency distribution of OUP positive cohorts’ characteristics is summarized in Table 3. Women had a higher
frequency of OUP among ICD cohorts compared to the text mining cohort (71% and 48%). However, Figure 2 indicates
that men had a higher rate of OUP than women (14.7 vs. 10.4 per 1,000).

The frequency distribution strati�ed by age group shows that the 45-54 age group had the highest frequency of OUP
(31% and 24%) for both the ICD and text mining cohorts. The 18-24 age group had the highest rate of OUP among
age groups in ICD and text mining cohorts (12.7 and 42.4 per 1,000) (Figure 2).

 

Table 3 Demographic characteristics of ICD-9 and Text mining OUP cohorts
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Characteristic
Study Cohorts* Significance

ICD-9 N (%) Text-Mining N (%) Combined N (%) X2 (P-value)**
Age (18-24) 3 (6.7%) 10 (7.9%) 13 (7.9%) 10.2 (< 0.001) †
25-34 7 (15.6%) 22 (17.3%) 26 (15.9%)  
35-44 4 (8.9%) 29 (22.8%) 33 (20.1%)  
45-54 14 (31.1%) 31 (24.4%) 42 (25.6%)  
55-64 7 (15.6%) 25 (19.7%) 31 (18.9%)  
>65 10 (22.2%) 10 (7.9%) 19 (11.6%)  
Sex (Women) 32 (71.1%) 61 (48.0%) 89 (54.3%) 7.1 (0.0076) †
Men 13 (28.9%) 66 (52.0%) 75 (45.7%)  
Race (Black) 5 (11.1%) 23 (18.1%) 27 (16.5%) 1.6 (0.6014)
White 39 (87.7%) 101 (79.5%) 134 (81.7%)  
Other/Unknown 1 (2.0%) 3 (2.4%) 3 (1.8%)  
Ethnicity (Not Hispanic or Latino) 39 (86.7%) 106 (83.5%) 139 (84.8%) 0.8 (1)
Hispanic or Latino 0 (0.0%) 2 (1.6%) 2 (1.2%)  
Unknown 6 (13.3%) 19 (15.0%) 23 (14.0%)  
Other Characteristics Alcohol Abuse (Yes) 2 (4.4%) 3 (2.4%) 5 (3.0%) 0.5 (0.6069)
Non-opioid Abuse (Yes) 10 (22.2%) 7 (5.5%) 14 (8.5%) 10.4 (0.0028) †
Tobacco Use (Yes) 14 (31.1%) 17 (13.4%) 30 (18.3%) 7 (0.0079)
Depression (Yes) 12 (26.7%) 14 (11.0%) 23 (14.0%) 6.3 (0.0118) †
Self-injury (Yes) 2 (4.4%) 2 (1.6%) 3 (1.8%) 1.2 (0.2804)
Hepatitis C (Yes) 3 (6.7%) 3 (2.4%) 5 (3.0%) 1.8 (0.1848)
Total Cohorts 45 127 164* —
*ICD-9: Positive OUP cases using ICD-9 codes; Text Mining: Positive OUP cases using a text mining approach; Combined: Combined positive

cases in ICD-9 codes or a text mining approach (There are 8 cases that overlapped between ICD and text mining cohorts); (%): Column
percentage. ** Chi-square was reported for 22 measurements and Fishers exact test (Freeman-Halton test) for r x c tables.

† Significant difference between ICD and Text mining cohort on α = 0.05.

 

Similar to the overall study population, race and ethnicity were most frequently White, non-Hispanic in both positive
cohorts (Table 3). Other characteristics associated with OUP in the literature were reported, including alcohol abuse,
non-opioid abuse, tobacco use, depression, self-injury, and hepatitis C. All showed a pattern of being at their lower
point in the overall study cohort, with a modest increase in the positive text mining cohort and peaking at the positive
ICD-9 cohort (Table 2 and Table 3). An independent-samples t-test was conducted to compare care utilization
(outpatient visits, emergency department visit, hospitalizations, and cumulative hospitalization days) among OUP
cohorts (Table 4). Our analysis shows that the text mining cohort had signi�cantly higher average of visiting
emergency department (M = 3.17, SD= 4.9) compared to ICD cohort (M = 1.9, SD= 2.1), P = 0.022. The ICD cohort had
a signi�cantly higher average of cumulative hospitalization days (M = 16.2, SD= 23.9) compared to the text mining
cohort (M = 7.4, SD= 12, P = 0.022.)

 

Table 4 Comparison of care utilization among OUP cohorts

Care Utilization
ICD cohort

Mean ± (SD)
Text mining cohort

Mean ± (SD) P-value
Outpatient Visits 12.84 ±(15.05) 12.87 ± (12.402) 0.992
Emergency Department visits 1.91 ± (2.193) 3.17 ± (4.915) 0.022 †
Hospitalizations 2.24 ± (2.838) 1.55 ± (2.572) 0.154
Cumulative Hospitalizations Days 16.24 ±(23.985) 7.43± (12.016) 0.022 †
† Results are significant on α = 0.05
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d. Performance of Variables to Identify OUP in Text Mining population

We conducted bi-variate analyses for variables of interest to compare positive vs. negative OUP among text mining
cohorts in the study population (Table 5). The following variables were statistically signi�cant (alpha= 0.05) and were
ranked based on likelihood ratios and approximate change in probability: Non-opioid Abuse, Gender, Tobacco Use,
Self-Injury, Depression, Alcohol, Abuse, and Hepatitis C. T-tests were also signi�cant for the following continuous
variables: age, outpatient visits, emergency department visits, hospitalizations, cumulative hospitalization days.

 

Table 5 Measure of association and likelihood ratio for categorical variables among text mining cohort
Variable X2 p-value Likelihood ratio p-value Approximate change in probability
Non-opioid Abuse 55.457 < 0.001 20.083 < 0.001 >45%
Gender 11.23 0.001 10.849 0.001 >45%
Tobacco Use 10.881 0.001 8.41 0.004 >40%
Self-Injury 30.971 < 0.001 7.947 0.005 >35%
Depression 6.186 0.013 4.994 0.025 >25%
Alcohol Abuse 6.616 0.01 3.823 0.051 >20%
Hepatitis C 5.895 0.015 3.517 0.061 >20%

 
 
Table 6 Comparison of continuous variables among positive OUP using text mining vs. negative cohorts

Variable Text mining positive Mean Std. Deviation p-value
Age Yes 44.98 13.24 < 0.001

No 59.02 16.34
Outpatient Visits Yes 12.86 12.4 0.001

No 9.15 10.48

Emergency Department visits
Yes 3.17 4.91 < 0.001
No 0.94 1.86

Hospitalizations Yes 1.55 2.57 < 0.001
No 0.54 1.138

Cumulative Hospitalization Days
Yes 7.42 12.01 < 0.001
No 3.21 17

D. Discussion
a. Identi�cation of Opioid Use Problems

We measured the prevalence of opioid use problems in IUH adult patients using text mining and ICD-9 codes. In our
study, a text mining approach identi�ed 127 (0.8%) OUP cases out of 14,298 patients, while ICD-9 identi�ed 45 (0.3%)
OUP cases from the same population (Total combined = 164 [1.1%]). Carrell et al. (2015) identi�ed 1,875 (8.5%)
patients out of 21,795 patients eligible for the study using NLP methods, while ICD-9 identi�ed 2,240 (10.1%) from the
same population. We believe the difference of OUP prevalence compared to prior studies could be due to several
factors such as the difference between opioid problem rates in populations or study design and identi�cation criteria.
In our study, we included report types that pertain to emergency department and primary care visits, as opposed to the
Carrell study that included behavioral\mental health reports protected under 42 CFR part 2 - con�dentiality of
substance use disorder patient records (30). These reports would likely include OUP-related data that would increase
our ability to detect OUP prevalence similar to the prior work.

b. Frequency of ICD Criteria to Identify OUP
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Overall, our study population generated 49 ICD-9 events, representing 45 distinct patients. The most commonly used
ICD-9 codes were 304 [opioid dependence unspeci�ed] (49%), 305.5 [opioid abuse unspeci�ed] (18%), and 304.1
[opioid dependence continuous] (10%). These �ndings are similar to the results reported by Palmer et al. (2015) which
investigated the prevalence of opioid use problems among chronic opioid therapy patients in the Group Health
Cooperative from 2006 to 2012. The most commonly reported ICD-9 codes from that study were 304 [opioid
dependence unspeci�ed] (55%), 304.1 [opioid dependence continuous] (26%), and 305.5 [opioid abuse unspeci�ed]
(10%) (24). The pattern of documenting OUP using unspeci�ed ICD codes was common and a similar pattern was
noticed by our reviewers during the manual review process of patients’ clinical notes. In this study, we found
unspeci�ed criteria [Physician states opioid abuse/overuse/addiction or mentions unspeci�ed ICD codes for opioid
abuse/dependence] represented 38% of positive OUP in the text mining approach. These �ndings suggest a common
pattern in OUP identi�cation between ICD-9 codes and a text mining approach.

c. Frequency of Text Mining Criteria to Identify OUP

We used 17 criteria to identify OUP from clinical notes. The main differences in these criteria compared to prior
studies are: 1- we included marijuana in our list of illicit drugs 2- We added concurrent use of authorized opioids to
include speci�c cases of polypharmacy of opioid abuse 3- We added a criteria to cover cases where physician states
“narcotic” abuse, overuse, addiction in the medical record or listed ICD codes for opioid abuse/dependence. In our
study, use of an illicit drug identi�ed 18 cases, of which 3 cases indicated active marijuana use (within the last
month) without mentioning other illicit drug abuse. Polypharmacy of opioid abuse �agged another 11 OUP cases.
The third criteria yielded 48 positive OUP cases, of which, 16 cases have one or more mentions of ICD-9 code
diagnosis of abuse and dependence within the clinical notes. Out of those 16 patients, there was only one patient
who had a documented ICD-9 for opioid abuse and dependence in the structured data.

d. Demographics

In this study, we found women were represented more than men, overall. This is consistent with Carrell et al. (2015)
and Hylan et al. (2015) which both found women to represent about two-thirds of the chronic opioid therapy
population in their studies. Overall, higher women’s representation is consistent with the notion that women are more
likely than men to use psychotropic and opioid medications (31-33). However, men generally have higher rate of
opioid overdose deaths per 100,000 at the national level (20 vs. 9) as well as  at Indiana state level (23 vs. 12) (34) .
Our study results are consistent with this notion; while OUP distribution strati�ed by gender showed a higher rate of
women with OUP, the rate of overall OUP was higher among men. In our study, OUP among men were more frequently
identi�ed using text mining (52%) vs. ICD (29%) (Table 3). This variation could be attributed to the text mining
identi�cation criteria itself or it could be attributed to other factors such as gender bias in psychotropic drugs and
addiction treatment (35, 36). Studying the root cause of less documentation of OUP among men using ICD codes
may be an effort for future research.

A Note about Opioid Problem Detection Using Structured Data

Despite the study which used a combination of 2 types of ICD-9 codes (opioid abuse and dependence and poisoning),
overall, our text mining approach identi�ed more cases. The text mining approach also detected 15 patients with a
mention of an ICD-9 code of opioid abuse and dependence in patients’ clinical notes, but these codes were
undocumented in patients’ record as structured data. This might indicate a signi�cant lack of documentation toward
opioid use problems and con�rms previous studies’ �ndings regarding the under-reporting of OUP using ICD-9. For
future research pertaining to identifying OUP, we recommend using alternate methods (in addition to ICD codes), such
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as text mining and machine learning, and exploring other commonly documented structured data, such as procedural
codes and electronic lab results.

e. Limitations

In this study, we used a text mining approach to analyze patients’ clinical notes to identify OUP and compared to
using ICD-9 codes to identify OUP. However, the analysis was limited to 5 report types. Developing and implementing
NLP techniques generally requires intensive computing and an initial commitment of substantial resources and
expertise (37). Thus, it was not �nancially feasible within the allocated budget for this study to test all report types
generated by the IUH study population. Rather, the authors relied on expert opinions to meaningfully limit the number
of report types. Reliance on expert opinion during algorithm development is common in opioid problem identi�cation
literature. Canan et al. (2017) reviewed 15 automated algorithms to identify nonmedical opioid use using electronic
health record data. The study found that investigators explicitly relied on subject matter experts during the process of
algorithm development and to identify candidate variables (37).

Another limitation pertaining to study results is that, despite text mining correctly identifying 127 OUP cases out of
154 initial possible cases (PPV = 82%), the overlap between the text mining cohorts and ICD-9 cohorts was only 8
cases (17%) (Appendix A.5). This may suggest that the text mining method has missed some positive cases (false
negative). To investigate this assumption, we have reviewed 500 randomly selected reports that were not �agged by
our text mining criteria. Among the 500 reports, we identi�ed 10 false negative cases, indicating a negative predictive
value of 98% on the reviewed subset. Moreover, it is important to emphasize that our study did not have access to
behavioral\mental health reports. These reports may contain additional information on OUP which could increase the
overlap between the two identi�cation methods.

Finally, we used multiple behavioral concepts to de�ne opioid use problems (dependence, abuse, and addiction) and
thus, distinguishing speci�c behavioral concepts was not automated in this research. Future work may investigate
using text mining, natural language processing, and machine learning to better target speci�c behaviors.

E. Conclusions
In this study, we developed a text mining approach to identify OUP among patients on long-term opioid therapy at
IUH. Compared to ICD-9 codes, text mining successfully identi�ed more OUP cases within the study population. The
relatively small overlap between cohorts identi�ed by ICD and text mining may suggest that it may be better to use a
combination of both techniques to identify a wider spectrum of OUP. Future development of text mining techniques
can help identify cases undiscovered by conventional ICD-9 reporting methods.

Abbreviations
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Electronic health record
NLP
Natural language processing



Page 12/17

LTOT
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Figure 1

Summary of methods and results for the identi�cation of opioid use problems
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Figure 2

Rate of OUP strati�ed by cohort and age group
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