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Abstract

BACKGROUND: Current modes of identifying alcohol misuse in hospitalized patients rely on
self-report questionnaires and diagnostic codes which have limitations including low sensitivity.
Information in the clinical notes of the electronic health record (EHR) may further augment the
identification of alcohol misuse. Natural language processing (NLP) with supervised machine
learning has been successful at analyzing clinical notes and identifying cases of alcohol misuse in
trauma patients.

METHODS: An alcohol misuse NLP classifier, previously developed on trauma patients who
completed the Alcohol Use Disorders Identification Test, was validated in a cohort of 1,000
hospitalized patients at a large, tertiary health system between January 1, 2007 and September 1,
2017. The clinical notes were processed using the clinical Text Analysis and Knowledge
Extraction System. The National Institute on Alcohol Abuse and Alcoholism (NIAAA) guidelines
for alcohol misuse were used during annotation of the medical records in our validation dataset.

RESULTS: The alcohol misuse classifier had an area under the receiver operating characteristic
curve of 0.91 (95% CI 0.90-0.93) in the cohort of hospitalized patients. The sensitivity, specificity,
positive predictive value, and negative predictive value were 0.88 (95% CI 0.85-0.90), 0.78 (95%
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Cl 0.74-0.82), 0.85 (95% CI 0.82-0.87), and 0.82 (95% CI 0.78-0.86), respectively. The Hosmer-
Lemeshow Test (P=0.13) demonstrates good model fit. Additionally, there was a dose-dependent
response in alcohol consumption behaviors across increasing strata of predicted probabilities for
alcohol misuse.

CONCLUSION—The alcohol misuse NLP classifier had good discrimination and test
characteristics in hospitalized patients. An approach using the clinical notes with NLP and
supervised machine learning may better identify alcohol misuse cases than conventional methods
solely relying on billing diagnostic codes.

BACKGROUND AND SIGNIFICANCE

Between 2006 and 2014, the rate of alcohol-related emergency department (ED) visits
increased 47%, with over 40% of these patients requiring hospital admission®. Alcohol-
related disorders rank second in 7-day unplanned hospital readmissions, greater than heart
disease and respiratory failure2. Multiple observational studies have demonstrated that the
prevalence of alcohol misuse is higher in hospitalized patients than in the general population
or outpatient settings®4. However, much of the existing evidence to identify patients with
alcohol misuse relies on billing diagnosis codes which have very poor sensitivity®.

Methods to reliably and efficiently identify patients with alcohol misuse remains a challenge
in both clinical surveillance and for research purposes. Manual screening with interviewer-
administered questionnaires require hospital staff who are not at point of care with the
provider and do not build the same level of trust, which contributes to suboptimal screening
and missed opportunities for intervention. Further, building questionnaires into the electronic
health record (EHR) and hiring staff to administer them require additional effort and
investment. When surveyed, over 90% of patients stated that they would accurately report
their alcohol consumption to their provider in order to get the best medical care®

Using information from the clinical notes, specifically the documentation of the patient’s
social and behavioral history during intake, may be more effective than conventional
methods of using billing codes. In addition, the notes may contain other details outside
explicit mentions about alcohol consumption that may be informative. Clinical notes in the
electronic health record (EHR) are a rich source of data, but their unstructured format
renders them complex and difficult to analyze. An estimated 80% of the data in an EHR
system resides in an unstructured format and much of the behavioral information such as
substance use are embedded in the notes’-9. Traditional statistical modeling approaches may
not be optimal for examining alcohol misuse in the notes and more advanced machine
learning methods may produce better classifier from text features. We previously developed
an NLP and machine learning algorithm for identifying alcohol misusel?; however, the
classifier was trained and tested in a cohort of trauma patients. Scaling the tool to all
hospitalized patients has not been validated and may serve as an important computable
phenotype for epidemiology and surveillance studies.

We aim to validate the test characteristics of our previously published Alcohol NLP
classifier in a cohort of hospitalized adult patients at a tertiary health system to further
elucidate its generalizability in the hospitalized patient population. We hypothesize that the
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classifier will have a sensitivity and specificity above 80% when applied in non-trauma
patients.

METHODS
PATIENT SELECTION AND ENVIRONMENT

We tested the alcohol NLP classifier in a case-control approach with 1,000 non-trauma
inpatient hospitalizations at Loyola University Medical Center between January 1, 2007 and
September 1, 2017. An oversampling of encounters with positive International Classification
of Diseases (ICD) codes for alcohol use disorders, testing for blood alcohol concentration
(BAC), and orders for the Clinical Institute Withdrawal Assessment (CIWA) was performed
to provide a sizable sample of at-risk patients for alcohol misuse. The case-control design
was to provide a better validation set for discrimination (AUC ROC) between alcohol misuse
and no misuse.

VALIDATION DATA SET OF CASES AND NON-CASES FOR ALCOHOL MISUSE

Cases and non-cases were determined by the annotator through chart review of the entire
electronic health record for the 1,000 patients selected for the validation dataset. The
annotator received substance use training through Loyola’s Institute for Transformative
Interprofessional Education and completed online didactics for Screening, Brief
Intervention, and Referral to Treatment (SBIRT). Prior to independent review, the annotator
met an inter-rater reliability with Cohen’s kappa coefficient of >0.75 with an attending
critical care physician (MA).

The following criteria were applied to identify cases of alcohol misuse: (1) National Institute
of Alcoholism and Alcohol Abuse (NIAAA) quantity limits for alcohol misuse and
unhealthy behaviors associated with alcohol consumptionll. The quantity limits were
calculated from clinical documentation of drinking behaviors such as “patient drank a pint of
vodka daily”; (2) alcohol-related injuries including emergency department encounters with a
blood alcohol concentration (BAC) level 280mg/dL; (3) CIWA = 8 at any point during the
hospitalization with alcohol-related symptoms?2, (4) physician diagnosis of alcohol misuse.
Patients with documented quantity and frequency of alcohol use that did not meet NIAAA or
no clear documentation of alcohol misuse were classified as no alcohol misuse.

PROCESSING OF CLINICAL TEXT AND FEATURE EXTRACTION

Linguistic processing of the clinical notes during hospitalization for the machine learning
model was performed using the clinical Text Analysis and Knowledge Extraction System
(CTAKES; http://ctakes.apache.org)3. Named entity mentions (i.e. anatomy, symptoms,
disease, procedures, etc.) were identified from the notes and mapped to a concept unique
identifier (CUI) from the National Library of Medicine’s metathesaurus in the Unified
Medical Language System (UMLS) database. For example, the named entity mention for
‘drinking problems’ was assigned C0085762, and the named entity mention for ‘alcohol
abuse’ from the notes was mapped to a separate CUI than ‘history of alcohol abuse’, which
was C0221628. Each named entity mention was also analyzed for its negation status (i.e. ‘no
alcohol abuse’ or ‘without drinking problems’). The CUIs were subsequently normalized
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using a term-frequency, inverse document-frequency (TF-IDF) transformation to weigh the
CUIs to account for frequently used words across all notes. The weighted CUIs were fed as
independent variables into the machine learning model which was tuned to the highest area
under the receiver operating characteristic curve (AUC ROC). The final machine learning
model was based on the original development paper.10 The model was a logistic regression
with a LASSO (Least Absolute Shrinkage and Selection Operator) regularization.

ANALYSIS WITH SUPERVISED MACHINE LEARNING

RESULTS

The trained CUI-based model used on our validation dataset is accessible at https://
github.com/brihat9135/AlcoholNLP_Classifier. In the original study, the model was divided
into 80% (n=1137) for training and 20% (n=285) for testing against a reference standard of
the Alcohol Use Disorders Identification test, a well-validated reference dataset
recommended by the World Health Organization for identifying alcohol misuse using sex-
specific cutoffs of =5 and =8 for females and males, respectively. In examining learning
curves for our model, we noted peak effects for AUC ROC were achieved once sample size
exceeded 1,200. Therefore, the model was retrained on the entire cohort (n= 1,422) of the
original trauma patients to provide better power for the machine learning model. The same
hyperparameters from the original model were applied with a logistic regression LASSO
regularization. The final, trained model selected 25 CUIs out of approximately 10,000 that
were predictive of alcohol misuse (Table 1). Our updated model selected more CUISs than the
original 16-CUI model; however, the top features were highly correlated with
representations for ethanol, drinking, and intoxication. The correlation matrix between the
original 16-CUI model trained on 80% of AUDIT data and the updated 25-CUI version from
the full 100% of available AUDITSs are shown in Supplemental 1.

The model was subsequently validated on our annotated cohort of 1,000 hospitalized non-
trauma patients. Discrimination of the prediction models was evaluated using the AUC ROC.
Goodness-of-fit was formally assessed by the Hosmer-Lemeshow test and verified visually
with a calibration plot. The following test characteristics were examined: sensitivity,
specificity, negative predictive value (NPV), and positive predictive value (PPV). Analysis
was performed using Python Version 3.6.5 (Python Software Foundation) and RStudio
Version 1.1.463 (RStudio Team, Boston, MA). The Institutional Review Board of Loyola
University Chicago approved this study.

PATIENT AND DATA CHARACTERISTICS

Patient characteristics and drinking patterns of the hospital encounters are displayed in Table
2. Patients with alcohol misuse had greater frequencies in weekly alcohol consumptions,
number of drinks per occasion, number of binge episodes, higher mean level of blood
alcohol concentration (BAC), and greater frequency of ICD codes for alcohol use disorders
(p<0.01 for all comparisons). During chart review, 14 patients had CIWA scores =8 recorded
for non-alcohol related agitation and treatment so they were classified as no alcohol misuse.
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PERFORMANCE OF ALCOHOL NLP CLASSIFIER IN HOSPITALIZED PATIENTS

The validation dataset of patients was comprised of 58.5% (n=585) with any level of alcohol
misuse. The alcohol NLP classifier had excellent discrimination with an AUC ROC of 0.91
(95% C1 0.90-0.93) (Figure 1). The sensitivity/recall, specificity, PPV/precision, and NPV
of the classifier were 0.88 (95% CI 0.85-0.90), 0.78 (95% CI 0.74-0.82), 0.85 (95% ClI
0.82-0.87), and 0.82 (95% CI 0.78-0.86), respectively.

The model fit the data well by Hosmer-Lemeshow Test (P=0.13). Recalibration measures
did not further improve model fit (Figure 2). Alcohol consumption behaviors across
increasing strata of predicted risk for alcohol misuse demonstrated a dose-dependent
response in the following categories: (1) quantity of alcohol consumption; (2) frequency of
alcohol consumption; (3) proportion with binge drinking; (4) BAC levels (Figure 3). Face
validity was also noted with increasing proportions of physician orders for alcohol
withdrawal monitoring (Clinical Institute Withdrawal Assessment for Alcohol) and
diagnostic codes for alcohol-related conditions with increasing predicted risk for alcohol
misuse (Table 3).

APPLICATION OF THE ALCOHOL NLP CLASSIFIER

We applied the alcohol NLP classifier to the entirety of our health system’s clinical data
warehouse comprised of 229,884 hospitalized adult encounters between January 1, 2007 and
September 30, 2017. The data corpus was comprised of over 31 million notes. The NLP
Alcohol Classifier identified 8.7% of patient encounters with alcohol misuse compared to
4.9% (p<0.001) from diagnostic codes for alcohol-related diagnoses (ICD-9/10: 291.02—
291.9, 303.00-303.93, 305.00-305.03, F10.1x, F10.2x, F10.9x).

DISCUSSION

We previously showed our alcohol NLP classifier carried good discrimination and
calibration to identify trauma patients with alcohol misuse. In our adult non-trauma
hospitalized cohort, we continue to show good discrimination and calibration to identify
patients with alcohol misuse with a dose-dependent response when examined across strata of
predicted probabilities. Our computable phenotype for alcohol misuse is a useful approach
for epidemiology and surveillance studies that may identify more cases from hospitalizations
than conventional methods using billing diagnostic codes.

Clinical NLP has already demonstrated a major positive effect on research and practicel4-16.
Health systems including the Veterans Affairs have shown the benefit of NLP over manual
review and used it for identifying depression and self-harm17, identifying cases of
cirrhosis!®, and identification of reportable cancer®. Modern NLP has fused with machine
learning to better learn from data with the most powerful NLP methods relying on
supervised machine learning, taking advantage of reference standards (i.e. AUDIT) to learn
and predict for unseen cases. Few studies have examined the role for NLP in building
computable phenotypes for behavioral disorders like alcohol misuse.

One study by Wang et al. uses regular expressions to extract specific queries about alcohol
use20. This approach does not capitalize on the strengths of standardized feature creation
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from all text using medical ontologies such as our use of CUls. A more modern approach
with NLP treats each CUI as a feature and requires no domain knowledge. Although using
regular expression-based queries may be useful, a data-driven approach using machine
learning allows for the discovery of new, predictive features. Our approach used a list of
medical concepts as variables that were fed into a model for predicting alcohol misuse. In
this approach, discovery was not limited by domain knowledge or expertise, and other entity
mentions outside the alcohol domain may prove predictive (i.e. medical history or social/
behavioral determinants of health). In addition, our classifier leveraged not only the
provider’s documentation but also ancillary notes, diagnostics reports, and embedded
medication notes. In our list of the CUIs selected during training of the model, concepts such
as lorazepam (medication commonly used to treat alcohol withdrawal), sedated state,
assault, injury wounds, and fracture (possible physical consequences of alcohol misuse)
were predictive for alcohol misuse. Our classifier leveraged not only the provider’s
documentation but also ancillary notes, diagnostics reports, and embedded medication notes.

Although the NLP classifier was not designed to determine the degree of misuse, we also
showed the predicted probabilities from our classifier were correlated to the degree of
misuse. A dose dependent response was notable in measurements of alcohol misuse. The
positive correlation between BAC order and CIWA order suggested that the classifier was
representative of physician behavior since physicians were more likely to order BAC or
CIWA in patients suspected for alcohol misuse. In addition, the increasing percentage of
CIWA scores greater than 8 further suggested that higher predicted probability correlated to
alcohol dependence, which is more commonplace in hospitalized patients than the general
population3. Our classifier also identified those without a billing diagnosis for alcohol
misuse. We highlighted this by showing a nearly two-fold increase in detection of any
alcohol misuse when using our alcohol NLP classifier versus structured diagnostic codes.

To date, innovations in health informatics for alcohol misuse have been focused on new data
capture tools and applications. Little evidence exists demonstrating the application of NLP
and machine learning in EHRs for detection of alcohol misuse. Expansion of our tool into
the hospital setting may enable a standardized method to perform surveillance on all patient
encounters and is the first step for a more automated and comprehensive approach. By
deriving the tool from existing data and using CUIs, which better account for lexical
variation and semantic ambiguities between providers and health systems, our approach may
have interoperability. Large volume health systems may benefit from an automated and
comprehensive algorithm, and our trained model is available for application: https://
github.com/brihat9135/AlcohoINLP_Classifier.

There are several limitations present in the study. First, the NLP classifier was validated in a
single-center health system and external validation in other health systems is needed. Our
sample was enriched for cases and may not be generalizable to cohorts with varying
prevalence and may lead to variations in the positive predictive value. False positive may
have occurred in our application of the classifier to the entire cohort of hospitalized patients.
The lack of a gold standard for our validation testing is another limitation despite our best
efforts to use chart reviews for identifying cases and non-cases. Variations in practice for
capture of social and behavioral determinants of health in other health systems may exist and
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affect the performance of the classifier. The addition of structured data such as nursing
flowsheet items, laboratory data, and medication data may improve the net reclassification of
our models but we found adequate performance from just using the notes alone. Lastly,
processing of the notes into CUIs requires local expertise and may pose a barrier for
interoperability across health systems but we have previously developed and applied a large-
scale NLP architecture for health systems to benchmark?Z.

CONCLUSION

The NLP classifier that was developed on trauma patients has shown to be generalizable to
hospitalized patients. Further external validation at other hospitals is necessary to test the
generalizability before widely implementing the NLP classifier at other institutions.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Clinical notes were mapped to standardized terminology in the Metathesaurus
NLP classifier performed well with hospitalized patients

Alcohol use behavior is correlated with increasing probabilities for alcohol
misuse
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Table 1.

25 Concept unique identifiers selected during training of machine learning model to identify cases of alcohol
misuse

Positive CUI features (B coefficients from logistic regression classifier ~ c0001962  Ethanol, 22.05
c0024002 Lorazepam, 5.89
c0562381  Victim of abuse finding, 3.59
€0001973  Alcoholic Intoxication, Chronic, 2.70
c0149531  Fracture of pelvis, 2.33
c0004063  Assault, 1.81
c1273870 Management procedure, 1.76
c0034606 Radionuclide Imaging, 1.67
c0043250  Injury wounds, 1.37
€1272883  Injection, 0.98
€1299583  Independently able, 0.91
c0003086  Ankle, 0.42
€0034929  Reflex action, 0.37
€3263723  Traumatic injury, 0.34
c0235195  Sedated state, 0.012
€0016658  Fracture, 0.0024

Negative CUI features (B coefficients from logistic regression classifier ~ c0024687  Mandible, —0.054
c0277814  Sitting position, —=0.22
€0558145  Skin appearance normal (finding), —0.27
c0039225 Tablet Dosage Form, —0.30
c0030193  Pain, -0.51
€0231683  Gait normal, -0.68
¢1513302 Mild Adverse Event, =1.09
€1292890  Procedure on hip, —=2.50
c0020538  Hypertensive disease, —5.89
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Table 2.

Page 14

Demographics and Alcohol Consumption Behaviors (Data collected during chart review of 1,000 hospitalized

patients for the validation dataset)

Characteristic Total (n=1000) | Misuse (n=585) | No Misuse (n=415) | P-value
Age, mean (SD) 49 (13.6) 47 (13.6) 51 (13.4) <0.001
Race (White), n (%) 578 (57.8) 338 (57.8) 240 (57.8) 0.99
Drinking frequency per week, mean (SD) (n=509) | 3.4 (3.3) 6.3(1.8) 0.4 (1.3) <0.001
Number of drinks per day, mean (SD) (n=519) 5.9(8.7) 11.12 (9.54) 0.32(0.83) <0.001
Binge ™ n (%) 475 (47.5) 475 (81.2) 0 (0) <0.001
BAC **order, n (%) 526 (52.6) 470 (80.3) 56 (13.5) <0.001
BAC ** mean (SD) 169 (144) 188 (141) 11.7 (21.4) <0.001
CIWA ***order, n (%) 296 (29.6) 266 (45.5) 30(7.2) <0.001
CIWA™ > 8, n (%) 208 (70.3) 194 (73.0) 14 (46.7) 0.006
History of misuse but not current, n (%) 121 (12.1) 11 (19) 110 (26.5) <0.001
ICD for alcohol use disorder ™ n (%) 302 (30.2) 265 (42.3) 37(89) <0.001

Binge = BAC > 0.08g/dL which is about 4 drinks for women and 5 drinks for men in 2 hours1L.

BAC: Blood alcohol concentration

HokA

CIWA: Clinical Institute Withdrawal Assessment for Alcohol

Aok

ICD: International Classification of Diseases (ICD-9/10: 291.0-291.9, 303.00-303.93, 305.00-305.03, F10.1x, F10.2x, F10.9x)
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Table 3.

Page 15

Demographics and Alcohol Consumption Behaviors Stratified by Predicted Probability (Data collected during
chart review of 1,000 hospitalized patients for the validation dataset)

n (%)

Characteristic 0-40t Percentile 41-70% Percentile | 71-90™ Percentile | 91-100t Percentile | P-value
N=399 N=300 N=200 N=100

Predicted Probability of Alcohol 0.499 - 0.075 0.844 - 0.500 0.981 - 0.845 0.999 - 0.982

Misuse

Age, median (IQR) 51 (41-60) 50 (38-59.3) 50 (42-58) 44 (36.8-54) 0.004

Race (White), n (%) 226 (56.6) 171 (57) 117 (58.5) 63 (63) 0.70

Drinking frequency per week, mean | 0.9 (2.0) 3.9(3.3) 6.2 (2.1) 6.5 (1.5) <0.001

(SD) (n=509)

Number of drinks per day, mean 1.2 (2.8) 5.9 (8.8) 10.0 (8.8) 16.1 (10.4) <0.001

(SD) (n=519)

Binge ™ n (%) 47 (11.8) 168 (56) 163 (81.5) 97 (97) <0.001

BAC “*order, n (%) 68 (17) 188 (62.7) 174 (87) 96 (96) <0.001

BAC **’ mean (SD) 71.4 (84.8) 122 (115) 201(146) 273 (143) <0.001

CIWA***order, n (%) 26 (6.5) 115 (38.3) 91 (45.5) 54 (54) <0.001

CIWA™***> 8 n (%) 14 (53.8) 74 (64.3) 76 (83.5) 44 (84.6) 0.021

I(-J/is)tory of misuse but not current, n 59 (14.8) 55 (18.3) 7(3.5) 0 (0) <0.001
0

ICD for alcohol misuse *** n o) | 31(7:8) 79 (26.3) 124 (62) 68 (68) <0.001

Annotator Classification of Misuse, 73(18.3) 222 (74) 190 (95) 99 (99) <0.001

*
Binge = BAC > 0.08g/dL which is about 4 drinks for women and 5 drinks for men in 2 hours1L,

Ak
BAC: Blood alcohol concentration

*:

Ak

A
CIWA: Clinical Institute Withdrawal Assessment for Alcohol

ICD: International Classification of Diseases (ICD-9/10: 291.0-291.9, 303.00-303.93, 305.00-305.03, F10.1x, F10.2x, F10.9x)
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