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Introduction

In the 2022 National Survey on Drug Use and Health, 1 in 
5 respondents above 18 years of age reported binge drink-
ing in the past month,1 6.3% reported heavy alcohol use in 

the past month,2 and 1 in 10 met alcohol use disorder 
(AUD) criteria.1 Researchers studying alcohol consump-
tion also identified that individuals exceeding the gender-
specific binge drinking thresholds were 70 times more 
likely to have an alcohol-related emergency department 
visit.1,2 Meanwhile, epidemiologic studies demonstrate a 
sharp rise in almost all types of substance use since the 
onset of the COVID-19 pandemic,3 with 1 national survey 
indicating the highest documented levels to date of alcohol 
(32%) and marijuana (43%) use among adults aged 19 to 
30 years.4 To date, AUD has been associated with disease 
in almost every organ system, ranging from depression 
and cognitive decline to liver failure, pancreatitis, gastro-
intestinal bleeding, impaired wound healing, ischemic 
heart disease, and arrhythmias.5 Given the associated mor-
bidity and mortality, both researchers and clinicians seek 
to better understand the landscape of AUDs.
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Abstract
Background/Significance: Alcohol use carries significant morbidity and mortality, yet accurate identification of 
alcohol use disorder (AUD) remains a multi-layered problem for both researchers and clinicians.
Objective: To fine-tune a language model to AUD in the clinical narrative and to detect AUDs not accounted for by 
ICD-9 coding in the MIMIC-III database.
Materials and Methods: We applied clinicalBERT to unique patient discharge summaries. For classification, patients 
were divided into nonoverlapping groups stratified by the presence/absence of AUD ICD diagnosis for model training 
(80%), validation (10%), and testing (10%). For detection, the model was trained (80%) and validated (20%) on 1:1 positive/
negative patients, then applied to remaining negative patient population. Physicians adjudicated 600 samples from the full 
model confidence spectrum to confirm AUD by Diagnostic and Statistical Manual of Mental Disorders-V criteria.
Results: The model exhibited the following characteristics (mean, standard deviation): precision (0.9, 0.02), recall (0.65, 
0.03), F-1 (0.75, 0.02), area under the receiver operating curve (0.97, 0.01), and area under the precision-recall curve (0.86, 
0.01). Adjudication produced an estimated 4% under-documentation rate for the total study population. As model confidence 
increased, AUD under-documentation rate rose to 30% of the number of patients identified as positive by ICD-9 coding.
Conclusion: Our model improves the identification of patients meeting AUD criteria, outperforming ICD codes in 
detecting cases of AUD. Detection discrepancy between ICD and free-text highlights clinician under documentation, 
not under recognition. Adjudication revealed model over-sensitivity to language around substance use, withdrawal, and 
chronic liver disease; future study requires application to a broader set of patient age and acuity. This model has the 
potential to improve rapid identification of patients with AUD and enhance treatment allocation.

Keywords
alcohol use disorder, natural language processing, electronic health records

Highlights

•• Natural language processing improves identifica-
tion of alcohol use disorder in the electronic 
health record

•• A fine-tuned clinical BERT model identified > 
1400 patients with alcohol use disorder not previ-
ously detected by structured diagnostic codes

•• The discrepancy between diagnostic codes and 
free-text highlights clinician under-documenta-
tion, not under-recognition
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Yet, accurate identification of AUD remains a multi-
layered problem.6-9 Prior studies examining medical record 
documentation reveal significantly lower rates of ICD-
coded alcohol use disorder (6.3%),9,10 compared with those 
of AUD solicited via structured research interviews (13.9%-
22%).11,12 Furthermore, patients are hesitant to disclose the 
truth of their use due to fear of stigma, while clinicians do 
not always solicit or document this information. When 
patients do disclose their alcohol use and clinicians record 
it, their disclosure often occurs in the clinical narrative 
without a corresponding diagnosis code in the international 
classification of diseases (ICD).9,13-17 As a result, what we 
do know about patient alcohol use remains “buried” as 
unstructured, sparse data; investigations relying on discrete 
variables gathered from medical and diagnostic codes sig-
nificantly underestimate alcohol consumption and its 
effects. In response, several large-scale natural language 
processing studies have shown promise in extracting sub-
stance use disorder (SUD) information from data sources 
including the Medical Information Mart for Intensive Care 
(MIMIC) database13,15 and other large clinical corpora.18-20

In this study, we constructed a text classification model to 
accurately identify AUDs in the clinical narrative not 
accounted for by traditional diagnostic codes. We built a text-
recognition model using a “bidirectional encoder representa-
tions from transformers (BERT)” text encoder, modeled with 
clinical notes,21 to handle language complexity in the medical 
context22 and applied it to 2 main scenarios: AUD classifica-
tion and detection. In the first scenario, we evaluated the mod-
el’s ability to accurately classify known patients with/without 
an AUD based on ICD diagnostic codes. In the detection 
experiment, we evaluated the model’s ability to prospectively 
identify cases of AUD among previously uncharacterized 
patients from patient discharge summaries without an ICD 
diagnosis of AUD. We hypothesized that a text-recognition 
screener will accurately identify patients with diagnoses of 
known AUDs; we further posited that this model would iden-
tify additional patients with clinical characteristics of AUD but 
without related ICD diagnoses.

Methods

Data Source

Data for this study were extracted from the MIMIC-III 
relational database,24 a publicly available dataset of 46 520 
patients admitted to the critical care units of the Beth Israel 

Deaconess Medical Center from 2001 to 2012, in 58 976 
unique hospital admissions. This database contains multi-
ple types of documentation related to patient care such as 
vital signs, medications, laboratory testing, nursing, social 
work, and physician documentation; patient discharge 
summaries were extracted from the database for model 
training and evaluation.

Inclusion and Exclusion Criteria

All patients with available narrative text were included 
(Figure 1), with isolation of the single most recent hospi-
tal encounter discharge summary for each unique MRN 
(N = 42 929). We selected the most recent encounter to 
reflect the most up-to-date and comprehensive problem 
list. We henceforth refer to each encounter as a “Patient.” 
Patients were classified as “true positives” for an AUD 
only if their medical record contained an ICD-9 diagno-
sis in the AUD category (Supplemental Appendix A). 
Discharge summaries were also preprocessed to combine 
any erroneously duplicated or divided text or addenda.

Definition of AUD

Classification of AUD in medical settings is typically deter-
mined by patient disclosure documented in the medical 
record, or a combination of positive screening responses 
and medical conditions. In this study, patients that receive 
at least 1 ICD-9 diagnosis in the AUD category 
(Supplemental Appendix A) qualified as having a “known” 
disorder; ICD-10 diagnostic codes were not yet imple-
mented at the time of dataset publication. These patients are 
referred to as “positive.” Those patients without an associ-
ated ICD-9 diagnosis are referred to as “negative.” Patients 
identified as having potential AUD diagnoses by the text-
recognition model were hand-reviewed by 3 physician 
adjudicators to determine whether the patient met AUD 
criteria as determined by the Diagnostic and Statistical 
Manual of Mental Disorders-V (DSM-V)23 (Table 1).

Model Construction and Evaluation

Our text-recognition model was constructed based on clin-
icalBERT,21 which has an input-context limitation of 
approximately 318 words (512 tokens) based on clinical-
BERT’s pretraining vocabulary and our dataset. Adapting 
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an approach originally published by Huang et al,29 the 
model split each patient discharge summary into 318-word 
segments, with each segment being associated with the 
patient’s global outcome label (Figure 2). As a result, the 
model backpropagated from the output label to each indi-
vidual segment during the training phase. In the evaluation 
phase, the individual scores (the output logit for the posi-
tive class) of each segment were combined according to 
the following equation:
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where n  is the number of segments for that patient; 
P Pi , ,�� �n  are the individual scores; Pnmax and Pnmean are the 

maximum and mean individual scores, respectively; and c  

is a weighing coefficient chosen heuristically from the 
training and validation sets. For the final label assignment, 
a cutoff value of p  was also heuristically calculated from 
the train and validation sets.

Experiment 1, Classification of AUD

Patients were divided into nonoverlapping groups, strati-
fied by outcome class (presence/absence of AUD ICD 
diagnosis), for model training, validation, and testing: 
80% in the training set, 10% in the validation set, and 10% 
in the test set (Figure 3). Patients were assigned to these 
subsets prior to the division of each discharge summary 
into 318-word segments; exact segment-counts for stages 
of each experiment are outlined in Figure 3. Final segment 
counts varied in each subset due to the unique length of 
each discharge summary. Training set class balancing 
reduced model performance, so it was not applied to the 

Table 1. Criteria for AUD, from the Diagnostic and Statistical Manual of Mental Disorders (DSM-V).23

The presence of at least 2 of these symptoms indicates an AUD The severity of the AUD is defined as:
Mild: The presence of 2 to 3 symptoms
Moderate: The presence of 4 to 5 symptoms
Severe: The presence of 6 or more symptoms

• Had times when you ended up drinking more, or longer, than you intended?
• More than once wanted to cut down or stop drinking, or tried to, but couldn’t?
• Spent a lot of time drinking? Or being sick or getting over other aftereffects?
• Wanted a drink so badly you couldn’t think of anything else?
•  Found that drinking—or being sick from drinking—often interfered with taking care of your home or family? Or caused job 

troubles? Or school problems?
• Continued to drink even though it was causing trouble with your family or friends?
• Given up or cut back on activities that were important or interesting to you, or gave you pleasure, in order to drink?
•  More than once gotten into situations while or after drinking that increased your chances of getting hurt (such as driving, 

swimming, using machinery, walking in a dangerous area, or having unsafe sex)?
•  Continued to drink even though it was making you feel depressed or anxious or adding to another health problem? Or after 

having had a memory blackout?
•  Had to drink much more than you once did to get the effect you want? Or found that your usual number of drinks had much 

less effect than before?
•  Found that when the effects of alcohol were wearing off, you had withdrawal symptoms, such as trouble sleeping, shakiness, 

restlessness, nausea, sweating, a racing heart, or a seizure? Or sensed things that were not there?

Abbreviation: AUD, alcohol use disorder.

Figure 1. Patient inclusion flow diagram.
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Figure 2. (a) clinicalBERT model construction, training phase. Each discharge summary is associated with an outcome label, then 
divided into 318-word segments, the approximate input limit for the clinicalBERT model. The outcome label for each patient is then 
backpropagated to every corresponding text segment. (b) clinicalBERT model construction, testing phase. After segmentation and 
encoding, segments are used to predict an outcome label, which is then compared with the originally assigned patient label.
Abbreviation: BERT, bidirectional encoder representations from transformers.

final model. We used a 5-fold cross-validation technique 
to measure confidence intervals of model performance in 
classifying AUD (Figure 3). For the final label assignment, 
a cutoff value of p  was heuristically calculated from the 
train and validation sets (see section on “Model 
Construction & Evaluation”).

We evaluated model performance using accuracy, pre-
cision, recall, F-1 score—the harmonic mean between pre-
cision and recall, area under the receiver operating curve 
(AUROC), and, given the significant class imbalance, the 
area under the precision-recall curve (AUPRC). Of note, 
our outcome label—ICD-9 coding—imperfectly reflects 
the actual documented presence or absence of AUD for 
multiple reasons. First, we can assume clinicians failed to 
evaluate some patients for AUD; in others, it may have 

been assessed but not documented. Finally, some patients 
may have narrative text supporting AUD but did not 
receive an ICD-9 code.

Experiment 2: Detection of AUD in Previously 
Unidentified Patients
All patients with an AUD ICD-9 diagnosis—“positives,” 
were combined in a 1:1 proportion to randomly chosen 
patients without an ICD-9 diagnosis—“negatives.” This 
1:1 combination was then divided into training (80%) and 
validation (20%) subsets. The remainder of the study pop-
ulation did not have an associated ICD-9 AUD diagnosis; 
these patients comprised final test set, with a total of 
N = 34 459 discharge summaries. The discharge summaries 

Figure 3. Distribution of patients in Experiments 1 and 2. Each “patient” represents the most recent discharge summary available 
for a unique person.
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in each subset were then split into the 318-word segments 
required by clinicalBERT; Figure 3 demonstrates the final 
distribution of patient discharge summaries for each task.

Using the test set, the model generated a confidence 
score reflecting the likelihood that each segment contained 
language supporting an AUD. Aggregating the scores of 
each segment, the model ultimately categorized each patient 
discharge summary as positive or negative for AUD.

We validated model performance by extracting a repre-
sentative sample of patients across the full spectrum of 
model confidence (N = 600). Sample selection was per-
formed by binning all test set discharge summaries into 99 
“buckets” of 348 to 349 patients, each of which containing 
a proportional percentile of model confidence space 
(Supplemental Appendix B). Afterward, 6 summaries per 
bucket were randomly selected for adjudication. Blinded 
to the model’s confidence and categorization, 3 physicians 
hand-annotated the patient discharge summaries to con-
firm the presence of an AUD according to the DSM-V cri-
teria.23 We then determined the adjudicator ratio—the 
proportion of patients determined to meet AUD criteria 
and multiplied this ratio by the sample size to determine 
the rate of previously unidentified patients with AUD.

Finally, we extracted a separate subset of patient dis-
charge summaries to assess inter-rater reliability (IRR). 
This subset contained the top 100 patients most likely to 
meet AUD criteria as identified by the model in Experiment 
2. These discharge summaries were hand-annotated by the 
same 3 physicians. We then calculated the percentage of 
full and majority agreement by adjudicators, as well as an 
unweighted the Cohen Kappa statistic to determine IRR 
(Table 2).

Results

A total of 3428 patients carried an ICD-9 diagnosis of 
AUD disorder in the MIMIC-III database. The most com-
mon ICD-9 code was 305.00, alcohol abuse. Patients with 
an AUD diagnosis were on average younger, more likely 
to be male, and publicly insured (Table 3); the median hos-
pital length of stay was similar between groups.

In Experiment 1—classifying ICU patients with AUD 
diagnoses, the model was trained for 3 epochs with a learn-
ing rate of 0.00002. The following results are presented as 
(mean, standard deviation) based on 5-fold cross-valida-
tion of all 3 subsets: training, validation, and testing. The 

text-recognition model demonstrated high precision (0.9, 
0.02) and moderate recall (0.65, 0.03) in classifying 
patients with AUD. It also exhibited a good F-1 measure 
(0.75, 0.02)—the harmonic mean between precision and 
recall. Finally, the model demonstrated a very high 
AUROC (0.97, 0.01) and a high AUPRC (0.86, 0.01).

In Experiment 2, the model identified several previously 
undocumented patients with AUD. The cumulative histo-
gram (Figure 4) depicts the distribution of model confidence 
in detecting AUD in the “all negative” test set. Among previ-
ously undiagnosed patients, the model identified approxi-
mately 35% of text segments to contain AUD language with 
at least 70% likelihood; the 70% cutoff was determined by 
the calculation as described in the section, “Model 
Construction & Evaluation.” Based on physician adjudica-
tion, the estimated under documentation rate was 4% of the 
total population; as model confidence increased, the esti-
mated rate of AUD under documentation rose to 1.5×, or 
30% of the number of positive patients by ICD coding; the 
combination of clinicalBERT and manual annotation revealed 
up to 1416 additional patients meeting AUD criteria not 
detectable by structured diagnostic codes alone (Figure 4).

Finally, in our IRR sample, 38/100 of these patients quali-
fied for AUD with unanimous adjudication, and an addi-
tional 30 candidates qualified for AUD with majority 
adjudicator agreement. Adjudicator 1 demonstrated lower 
IRR scores than the other adjudicators, while Adjudicators 2 
and 3 were more consistent in their outcome determination.

Those patients identified by ICD-9 with AUD were 
similar to those identified by our cBERT model (Table 4) 
in median age, assigned sex, select substance use (canna-
bis, cocaine/amphetamines), and concurrent mental health 
diagnoses except mood disorders (P = .02). There was a 
higher proportion of patients who spoke English, or Other 
languages, among those identified by ICD-9 as compared 
to cBERT. Meanwhile, the population with AUD identi-
fied by cBERT demonstrated a proportion of concurrent 
opioid/sedative use, “other” substance use, and mood dis-
order diagnosis.

Discussion

Given the significant morbidity and mortality associated 
with AUDs,1,25,26 this study offers a novel method of 
screening medical records for AUD. Our pilot model sig-
nificantly improves the identification of patients meeting 

Table 2. Inter-Rater Reliability Sample: Top 100 Patients with AUD as Identified by the Text Classification Model.

Physician Reviewer Patients meeting AUD criteria Consensus agreement Inter-rater reliability (95% CI)

Adjudicator 1 63% Full Consensus = 38%
Majority Consensus = 63%

Adjudicators 1 and 2 Kappa = 0.40 (0.24, 0.59)
Adjudicators 1 and 3 Kappa = 0.39 (0.23, 0.54)
Adjudicators 2 and 3 Kappa = 0.69 (0.56, 0.81)

Adjudicator 2 55%
Adjudicator 3 47%

Abbreviation: AUD, alcohol use disorder.
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Table 3. Sociodemographic Information, by ICD-9 Diagnosis of an AUD.

Patient Characteristic
Patients with AUD diagnosis  

(N = 3322), N (%)
Patients without AUD diagnosis 

(N = 37 781), N (%)
X2 (degrees of freedom),  

P-value

Median age, in years [IQR] 53 [44, 62] 69 [48, 78] <.01
Assigned sexa

 Male 2538 (76) 20 644 (55) X2 (1) = 617, <.001
 Female 784 (24) 17 137 (45)
Language
 English 2143 (65) 18 912 (50) X2 (2) = 2100, <.001
 Spanish 87 (2.6) 687 (1.8)
 Other 1092 (33) 18 182 (48)
Insurance
 Private 1259 (38) 14 081 (37) X2 (4) = 1378, <.001
 Medicare 991 (30) 19 375 (51)
 Medicaid 716 (22) 2945 (7.8)
 Government 229 (7) 1051 (2.7)
 Self-pay 127 (3.8) 357 (0.9)
Median hospital length of stay, in days [IQR] 7 [4, 14] 7 [4, 12] >.05
Substance use, by type
 Opioids/sedatives 238 (7.2) 490 (1.3) X2 (1) = 604, <.001
 Cannabis 253 (7.6) 282 (0.7) X2 (1) = 1121, <.001
 Cocaine/amphetamines 61 (1.8) 66 (0.2) X2 (1) = 273, <.001
 Other 88 (2.6) 153 (0.4) X2 (1) = 264, <.001
Mental health diagnosis
 Mood disorder 709 (21) 3456 (9.1) X2 (1) = 504, <.001
 Delirium/dementia 173 (5.2) 2676 (7.1) X2 (1) = 3.03, .08
 Anxiety 166 (5.0) 1244 (3.3) X2 (1) = 27, <.001
 Drug-induced mental disorder 105 (3.2) 341 (0.9) X2 (1) = 145, <.001
 Trauma/stressor-related 69 (2.1) 241 (0.6) X2 (1) = 84, <.001
 Attention deficit hyperactivity disorder 35 (1.1) 114 (0.3) X2 (1) = 48, <.001
 Developmental disorder 29 (0.8) 323 (0.9) X2 (1) = 0.01, .91
 Schizophrenia/psychosis 32 (1.0) 268 (0.7) X2 (1) = 2.71, .10

Abbreviations: AUD, alcohol use disorder; IQR, interquartile range.
aAssigned sex is referred to as “gender” in the original database.

Figure 4. Histogram of model likelihood in identifying AUD in text segments of previously negative patients, and estimated rate of under-
documentation by annotation. The higher the model confidence, the more likely the text segment contains language supporting an AUD 
diagnosis. For example, at 70% confidence, approximately 35% of text segments were identified to contain language supporting an AUD.
Abbreviation: AUD, alcohol use disorder.
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AUD criteria without a structured diagnosis, as highlighted 
by the 1400+ patients identified in Experiment 2. While 
the medical community has engaged in several efforts to 
improve outpatient screening,3,11,12 the 4% overall discrep-
ancy between structured diagnoses and AUD in the medi-
cal narrative highlights clinician under documentation, as 
opposed to under recognition. In particular, physician 
annotation revealed several cases of documentation allud-
ing to a new complication or chronic illness exacerbation 
related to AUD without implementation of a formal AUD 
diagnosis. At a system level, this could reflect provider 
hesitancy to levy an AUD diagnosis due to stigma, or lim-
ited clinician knowledge of AUD criteria. In response, a 
text-classification tool could facilitate improved documen-
tation around AUD and better capture the epidemiology of 
AUD for both research and clinical use.

When compared to ICD-9 diagnoses, AUD patients 
identified by our model exhibited similar general demo-
graphics, with some differences in reported language 

proportions (Table 4). Yet, patients identified by our model 
had a higher proportion concurrent mood disorders, opi-
oid/sedative use, and “other” drug use. This pattern raises 
a couple of potential explanations: (1) Physicians may 
document alcohol use, but are more likely to implement 
ICD-9 codes for other substances, or (2) our model may be 
conflating AUD with other substance use.

While our model performed well in its ability to cor-
rectly classify patients with AUD, adjudication results 
highlight that the model remains overly sensitive to certain 
language, including any substance use, drug withdrawal—
not specific to alcohol, as well as chronic alcohol-related 
medical conditions, such as “cirrhosis,” “liver failure,” 
“lethargy,” and “CIWA” (Clinical Institute Withdrawal 
Assessment). This sensitivity may also explain the above 
differences in substance use diagnoses in the model-iden-
tified population (Table 4). The model’s over-emphasis on 
these terms could be explained by our study population, 
which represents older, hospitalized patients requiring an 

Table 4. Sociodemographic Information of Patients Identified with AUD, by ICD-9 Diagnosis Versus Model Identification (cBERT).

Population Characteristic

Patients with AUD  
by ICD-9 (N = 3322),  

N (%)

Patients with AUD  
by cBERT (N = 1693),  

N (%)

Patients without AUD  
by ICD-9 and cBERT 
(N = 36 088), N (%)

AUD by ICD9 vs AUD 
by cBERT  

X2 (degrees of 
freedom*) 

P-value

Median age, in years [IQR] 53 [44, 62] 52.9 [37,63] 70 [49, 78] >.05
Assigned sex
 Male 2538 (76) 1304 (77) 19 340 (54) X2 = 0.243 (1), >0.05
 Female 784 (24) 389 (23) 16 748 (46)
Language
 English 2143 (65) 925 (55) 17 987 (50) X2 = 266 (2), <.001
 Spanish 87 (2.6) 45 (2.7) 642 (1.7)
 Other 1092 (33) 77 (4.5) 17 459 (48)
Insurance
 Private 1259 (38) 680 (40) 13 401 (37) X2 = 10 (4), .04
 Medicare 991 (30) 530 (31) 18 845 (52)
 Medicaid 716 (22) 1306 (18) 2639 (7.3)
 Government 229 (7) 106 (6) 917 (2.5)
 Self-pay 127 (3.8) 71 (4.2) 286 (0.7)
Median hospital length of stay, in days [IQR] 7 [4, 14] 6 [3, 11] 7 [4, 12] >.05
Substance use, by type
 Opioids/sedatives 238 (7.2) 217 (12.8) 273 (0.8) 2 > 1, <.001
 Cannabis 253 (7.6) 141 (8.3) 141 (0.1) >.05
 Cocaine/amphetamines 61 (1.8) 21 (12) 45(0.2) >.05
 Other 88 (2.6) 69 (4.1) 83 (0.2) 2 > 1, .001
Mental health diagnosis
 Mood disorder 709 (21) 312 (18) 3456 (9.6) 1 > 2, .02
 Delirium/dementia 173 (5.2) 82 (4.8) 2676 (7.4) >.05
 Anxiety 166 (5.0) 59 (3.5) 1244 (3.4) >.05
 Drug-induced mental disorder 105 (3.2) 72 (4.3) 341 (0.9) >.05
 Trauma/stressor-related 69 (2.1) 40 (2.4) 241 (0.7) >.05
 ADHD 35 (1.1) 24 (1.4) 114 (0.3) >.05
 Developmental disorder 29 (0.8) 13 (0.8) 323 (0.9) >.05
 Schizophrenia/psychosis 32 (1.0) 21 (1.2) 268 (0.7) >.05

Contrasts: 1 = Patients with AUD by ICD-9; 2 = Patients with AUD by cBERT; disorder.
Abbreviations: IQR, interquartile range; ADHD, attention deficit hyperactivity; AUD, alcohol use disorder.
*If unlisted, degrees of freedom = 1.
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intensive level of care. The model also had difficulty dis-
tinguishing between a history of alcohol abuse and a cur-
rent use disorder. This limitation potentially reflects a 
combination of outdated problem lists, under documenta-
tion of AUD resolution, and an unclear temporal relation-
ship between a patient’s AUD and their current illness.

The low IRR adjudication scores reflect difficulty in 
meeting AUD diagnostic criteria based on a single dis-
charge summary (Table 2). The physician adjudicators 
included pediatricians with subspecialty training in emer-
gency medicine and represented early, mid, and late-
career experience. While all were familiar with the 
DSM-IV criteria, certain inferences had to be made about 
temporality and severity of use as it was documented in 
the history of present illness or hospital course. Review of 
false positives in the IRR sample (N = 7) revealed model 
conflation of phrases including the term alcohol that do 
not actually represent AUD. Examples included the fol-
lowing: “seen by social work for alcohol screen,” “with 
alcohol intoxication,” and “a toxic alcohol screen was 
checked [listing several volatile alcohols],” and “father 
with etoh cirrhosis.”

We recognize that false identification could cause sig-
nificant distress for both patient and providers. As such, 
future study involves model application to a broader set of 
patients, both in age and acuity; a more diverse training 
environment should enhance the language identified and 
utilized by the model and therefore improve our model’s 
accuracy and precision.

As a retrospective evaluation of AUD, this study has 
several limitations. Geographically, the MIMIC-III data-
base encompasses patients from a specific region of the 
United States (Boston, MA) and likely does not account 
for variations in substance use in other parts of the United 
States. As a study limited to ICU patients, the available 
text represents only those with the most extreme physical 
manifestations of disease; documentation and description 
of patients with AUD may differ among healthier and less 
symptomatic individuals. Finally, patient data collection 
extends only through 2012. Alcohol use patterns have sig-
nificantly shifted in the context of the opioid epidemic as 
well as recreational marijuana legalization use since the 
publication of this database.27 The medical community has 
also changed its understanding and documentation around 
social determinants of health,28,29 both of which likely 
affect the prevalence and presentation of AUD. Model 
application on a more recent and inclusive dataset is 
required to examine the impact of sociodemographic data 
on AUD.

This study provides a pilot approach to improving iden-
tification of AUD in the medical record and lays the 
groundwork for a text-recognition model that can accu-
rately and efficiently screen the medical record for all 
patients seeking medical care. A refined AUD-screening 

model would empower health officials to better allocate 
limited SUD screening and treatment resources to those at 
greatest risk.
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