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Abstract

Objectives: Inpatient alcohol withdrawal syndrome (AWS) is common and early treatment
improves outcomes, but no prior study has used electronic health record (EHR) data, available at
admission, to predict the probability of inpatient AWS. This study estimated the probability of
inpatient AWS using prior-year EHR data, hypothesizing that documented alcohol use disorder
(AUD) and AWS would be strongly associated with inpatient AWS while exploring associations
with other patient characteristics.

Methods: The study investigated patients hospitalized =24 hours on medical services in the
Veterans Health Administration during 2013 using EHR data extracted from the Veterans

Health Administration Corporate Data Warehouse. ICD-9-CM diagnosis code, demographic, and
healthcare utilization data documented in the year before admission defined prior-year AUD,
AWS, and other factors associated with inpatient AWS. The primary outcome, inpatient AWS, was
defined by inpatient ICD-9-CM codes.
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Results: The unadjusted probability of AWS was 5.0% (95% CI 4.5%-5.4%) among 209,151
medical inpatients overall, 26.4% (95% CI 24.4%-28.4%) among those with prior-year AUD, and
62.5% (95% CI 35.2%-39.7%) among those with prior-year AWS. Of those with AWS, 86% had
documented prior-year AUD and/or AWS. Other patient characteristics associated with increased
probability of inpatient AWS (£ < 0.001) were: male sex, single relationship status, homelessness,
seizure, and cirrhosis.

Conclusions: Although inpatient providers often use history to predict AWS, this is the

first study in hospitalized patients to inform and validate this practice, showing that prior-year
diagnosis of AUD and/or AWS in particular, can identify the majority of inpatients who should be
monitored for AWS.
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Unhealthy alcohol use is the third-leading cause of preventable death in the United States
and the number 1 killer of people aged 15 to 49 worldwide.! The burden of alcohol

use disorder (AUD) is especially concentrated in general hospital settings, where 15% to
20% of patients have an alcohol-related condition.2 Among hospitalized patients, one of
the most common and potentially dangerous manifestations of AUD is alcohol withdrawal
syndrome (AWS).3-6 AWS causes brain damage in patients through glutamate-mediated
excitotoxicity,” complicates and prolongs inpatient care,*>8 and can be fatal without
proactive diagnosis and management.® Experts, therefore, 1Irecommend early identification
of patients at risk for AWS but there is little consensus on the optimal approach for risk-
stratifying hospitalized patients.10

The only validated screening tool for identifying AWS in hospitalized patients includes

10 items and relies heavily on self-reported data from patients.11-12 Patients who are too
sick or unable to communicate (mechanically ventilated, non-English-speaking, etc) cannot
be evaluated reliably and the clinical workload associated with this approach may be a
barrier to its use. Alternatively, historical data captured in the electronic health record (EHR)
could potentially be used to identify patients at increased risk for AWS on admission,
improving early identification of AWS while reducing the clinical burden placed on patients
and providers. Patients with a documented history of AUD and/or AWS are generally
considered high-risk for developing inpatient AWS,1 but the strength and magnitude of
these associations have not been described in hospitalized patients. In addition, the value

of other electronically documented, readily extractable demographic and clinical data for
predicting the probability of inpatient AWS is unknown.

This study used data documented in the EHR in the year before hospital admission to
estimate the probability of inpatient AWS. Specifically, the probability of inpatient AWS
was estimated based on prior-year diagnosis and procedure codes indicating (1) AUD, (2)
AWS, and (3) AUD and/or AWS. Changes in the predicted probability of inpatient AWS
were explored across patient demographic and other health characteristics associated with
AUD. The a priori hypothesis was that prior-year AUD and AWS diagnoses would each be
strong independent predictors of inpatient AWS.
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METHODS
Study Data and Sample

This retrospective cohort study used EHR data of veterans engaged in Veterans Health
Administration (VHA) care and hospitalized during fiscal year 2013 (FY2013—October 1,
2012 to September 30, 2013).13 All patients admitted to medical services for at least 24
hours at facilities with acute and intensive care capabilities were included. Among patients
with multiple eligible admissions, one hospitalization per patient was randomly selected
(““index’” hospitalization hereafter), prioritizing admissions complicated by AWS (eFigure
1, http://links.lww.com/JAM/A234, Supplemental Digital Content showing patient selection
flowchart). Demographic data, International Classification of Diseases, Ninth Revision,
Clinical Modification (ICD-9-CM) diagnostic and procedure codes, dates of outpatient visits
and hospitalizations, treating specialties, and facility data were obtained from the Veterans
Affairs (VA) Corporate Data Warehouse, a national repository of clinical data generated by
the VHA healthcare system. The study received approval and waivers of informed consent
and HIPAA authorization from the VA Puget Sound Health Care System and University of
Washington Institutional Review Boards.

Inpatient AWS

Inpatient AWS was defined by primary or secondary 1ICD-9-CM diagnosis and/or procedure
codes indicating recognition and/or treatment of AWS during the index hospitalization in
FY?2013 (eBox 1, http://links.lww.com/JAM/A234, Supplemental Digital Content showing
specific ICD-9-CM codes).1

Prior-Year History of AUD and/or AWS

Prior-year AUD and AWS were each defined using inpatient and outpatient ICD-9-CM
diagnosis and/or procedure codes documented in the 365 days before the date of index
admission (eBox 1, http://links.lww.com/JAM/A234, Supplemental Digital Content showing
specific ICD-9-CM codes).

Other Demographic and Health Characteristics Potentially Associated With AWS

Demographic, diagnostic, and healthcare utilization measures were obtained from the EHR
in the 365 days before the index hospitalization. Prior-year medical, substance use, and
mental health diagnoses associated with AUD were identified using ICD-9-CM diagnosis
codes (available upon request). Health services utilization was determined using outpatient
clinic codes and inpatient bed codes, grouped into categories of outpatient [emergency
department (ED), primary care, specialty medical/surgical care, or mental health/substance
use care] or inpatient (medical admission, surgical admission, or mental health/substance use
admission) health services.

Analyses

Descriptive analyses characterized the study sample of medical inpatients admitted to VHA
hospitals in FY2013. The predicted probability of inpatient AWS based on prior-year
AUD, AWS, and AUD and/or AWS was estimated using logistic regression. The a priori
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hypothesis that prior-year AUD and AWS diagnoses would each be strong independent
predictors of inpatient AWS was tested using both unadjusted and adjusted mixed-effects
logistic regression models with hospital facility as a random effect to account for covariance
at the hospital level. Unadjusted models are presented for their greater applicability to
real-world clinical practice (in the absence of EHR algorithms that adjust for other patient
characteristics). Adjusted models included patient demographic, diagnosis, and healthcare
utilization covariates. In practice, AUD and AWS are part of the same pathological spectrum
of disease; therefore, models also estimated probability of inpatient AWS based on a
composite measure of prior-year AUD and/or AWS.

Secondary analyses evaluated the adjusted probability of inpatient AWS across demographic
and other health characteristics, stratified by prior-year AUD and/or AWS. Two mixed-
effects multivariable logistic regression models were used—aone for patients with prior-

year AUD and/or AWS and one for patients without. The variables in the 2 models

were otherwise identical, including all demographic, diagnosis, and healthcare utilization
covariates hypothesized to influence the risk of inpatient AWS for purposes of exploring
independent associations.

For all analyses, odds ratios, predicted probabilities, and marginal effects were estimated
using the ““melogit’” and ‘‘margins’’ commands in Stata, v16.0 (StataCorp LP, College
Station, TX). Predicted probabilities and marginal effects were calculated as average
adjusted predictions derived from the models using the observed values of covariates (as
opposed to mean values).1® Due to the large sample size and exploratory analyses of
multiple characteristics potentially associated with AWS, a was set to 0.001 a priori to
reduce the probability of Type I error.

In this sample of 209,151 patients hospitalized on medical services in the VHA, 32,028
(15.3%) had a documented AUD and 6905 (3.3%) had documented inpatient or outpatient
AWS in the year before admission (Table 1). The sample was on average, 68 years

old, predominantly male (95.8%), majority White (67.2%), and many had pain-related
conditions (73.1%), diabetes (41.1%), chronic obstructive pulmonary disease (30.3%), and
depression (27.0%) in the year before admission. A majority (62.7%) received care in

an ED and 39.3% were hospitalized on a medical service in the year before admission.
Compared to patients without prior-year AUD and/or AWS, patients with prior-year AUD
and/or AWS were on average, 9 years younger, had greater evidence of social isolation
(ie, single and homeless), higher frequency of medical diagnoses associated with alcohol
use (ie, seizures, gastrointestinal disorders, cirrhosis, and trauma), lower frequency of
other medical diagnoses (ie, malignancy, diabetes, chronic kidney disease, heart failure,
pneumonia, cerebrovascular disease, and dementia), greater burden of mental illness,

and more frequent use of ED, mental health, and medical inpatient services (eTablel,
http://links.lww.com/JAM/A234, Supplemental Digital Content showing characteristics of
inpatients by prior-year history of AUD and/or AWS).
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Table 2 shows the unadjusted and adjusted probabilities of inpatient AWS, overall and

for those with prior-year AUD, AWS, and AUD and/or AWS. The overall probability of
inpatient AWS was 5.0% (unadjusted 95% CI 4.5%-5.5%; adjusted 95% CI 4.5%-5.4%).

In unadjusted analyses, the probability of AWS was 26.4% (95% CI 24.4%-28.4%) among
patients with prior-year AUD, 62.5% (95% CI 35.2%-39.7%) among patients with prior-
year AWS, and 26.7.% (95% CI 16.4%-19.3%) among patients with prior-year AUD and/or
AWS. The adjusted probability estimates for inpatient AWS based on prior-year AUD,
AWS, and AUD and/or AWS were more attenuated: 17.5% (95% CI 16.1%-18.8%), 37.5%
(95% CI 35.2%—-39.7%), and 17.9% (95% CI 16.4%-19.3%), respectively. Overall, 86% of
patients (n = 8322 of 9727) with AWS during their index hospitalization had prior-year AUD
and/or AWS, whereas 88% of patients (n = 175,420 of 199,424) without AWS did not have
prior-year AUD and/or AWS.

Prior-year AUD and/or AWS effectively stratified the sample into a ‘*high AWS prevalence”’
group of 32,326 medical inpatients, 8322 (25.7%) with inpatient AWS, and a “‘low

AWS prevalence’” group of 176,825 medical inpatients, 1405 (0.8%) with inpatient

AWS. Exploratory multivariable analyses of patient demographic, diagnosis, and utilization
characteristics were thus stratified by presence/absence of prior-year AUD and/or AWS.
Findings were generally similar in the two groups (eTable2, http://links.lww.com/JAM/
A234, Supplemental Digital Content showing probability of AWS based on prior-year
health characteristics stratified by prior-year AUD and/or AWS), though the associations
between various health characteristics and inpatient AWS were more pronounced among
patients with prior-year AUD and/or AWS. In both groups, factors associated with increased
probability of inpatient AWS included: male sex, single relationship status, homelessness,
and prior-year diagnosis of seizure and/or cirrhosis. Factors associated with decreased
probability of inpatient AWS in both groups included: female sex, prior-year diagnosis

of pain-related conditions, cerebrovascular disease, dementia, heart failure, chronic kidney
disease, diabetes, malignancy, bipolar disorder, psychotic disorder, and/or receipt of
outpatient care (ED, primary, and/or specialty care).

Unique associations with inpatient AWS in patients with and without prior-year AUD
and/or AWS were also identified, suggesting possible differences between the 2 groups.
Among patients with prior-year AUD and/or AWS, gastrointestinal disorders and trauma
were associated with increased probability of inpatient AWS, while black relative to White
race was associated with decreased probability. These relationships were not significant in
patients without prior-year AUD and/or AWS. In contrast, prior-year other substance use
disorder was strongly associated with inpatient AWS only in patients without prior-year
AUD and/or AWS. Finally, prior-year inpatient medical and/or mental health care was
associated with increased probability of AWS in patients with prior-year AUD and/or AWS
and decreased probability of AWS in patients without prior-year AUD and/or AWS.

Figure 1 illustrates how each demographic and health characteristic changed the predicted
probability of inpatient AWS, showing the marginal effects or difference in the adjusted
probability between each category and the referent group. The magnitude of changes was
very small for those without prior-year AUD and/or AWS (right panel)—from a 0.6%
reduction in probability of AWS associated with female sex, chronic kidney disease,
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diabetes, and outpatient specialty care to a 0.7% increase in probability of AWS associated
with cirrhosis. In contrast, the magnitude of changes was much larger for those with
prior-year AUD and/or AWS (left panel)—from a 12.2% reduction in probability of AWS
associated with malignancy to a 10.1% increase in probability of AWS associated with
seizure.

DISCUSSION

This is the first study to explore the associations between EHR data available at the time of
hospital admission and the probability of inpatient AWS. Although the probability of AWS
in this national sample of medical inpatients was 5% overall, it rose to 26% among patients
with AUD and 63% among patients with AWS documented in the year before admission;
after adjustment for patient demographic and other health characteristics, these associations
remained significant. Findings from this study are important because they indicate EHR data
could be used to identify hospitalized patients who should be monitored and potentially
treated for inpatient AWS: 86% of medical inpatients with AWS had documented prior-year
AUD and/or AWS (sensitivity) and 88% of medical inpatients without AWS did not have
documented prior-year AUD and/or AWS (specificity). Other patient factors also influenced
the probability of inpatient AWS but the magnitude of these differences was only clinically-
meaningful in patients with previous AUD and/or AWS—in whom the probability of AWS
ranged from 17% to 36% across demographic and other health characteristics. Based on
clinical experience, inpatient providers may already use prior diagnoses to estimate the risk
of AWS in their patients, but this is the first study to validate and inform this practice.

Previous studies of factors associated with AWS in hospitalized patients have evaluated

the predictive value of alcohol screening questionnaires!®:17 and a composite measure,11
which rely on patient self-report. The remainder of the literature on risk factors for

AWS has been conducted in select samples (eg, detoxification centers and addiction care
units) with unclear generalizability to hospitalized medical patients, and/or focused on
predicting severe AWS (ie, delirium tremens) among samples with AWS.18-29 The present
study substantiates and quantifies previously identified associations between history of
AUD and/or AWS,11:23.25.28.29 mae sex,17:23.28.30 prior seizurel®23.28.29 and subsequent
development of AWS. Several significant associations were also identified that are rarely
reported in the prior literature—single relationship status, homelessness, and cirrhosis were
found to increase the probability of inpatient AWS, and other substance use disorder may be
an important risk factor among patients with no documented history of AUD and/or AWS.

This study did not observe a previously described higher risk of AWS in patients with
psychiatric disorders.12:31 Instead, serious mental health diagnoses were associated with
lower probability of inpatient AWS. This may relate to the strong emphasis on diagnosis
and treatment of mental health disorders in the VHA. Of patients with a documented
mental health disorder in this study, 73% were seen by an outpatient mental health
specialist in the year before admission. Other medical diagnoses with high morbidity and
mortality (malignancy, pain-related conditions, cerebrovascular disease, dementia, heart
failure, chronic kidney disease, and diabetes) were also associated with lower probability
of inpatient AWS. These conditions may be associated with greater healthcare engagement
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and in turn lower risk of inpatient AWS, though further study of these novel associations is
needed.

Although contributing to the clinical epidemiology of inpatient AWS, the present study
also has implications for clinical practice. A recent review evaluated diverse methods

for identifying hospitalized patients at risk for AWS and recommended the Prediction

of Alcohol Withdrawal Severity Scale (PAWSS) as the most promising approach.32 The
PAWSS is the only AWS prediction tool that has been developed and validated in
hospitalized patients and demonstrated excellent testing characteristics; however, it is
potentially burdensome, requiring inpatient providers to gather a wide array of clinical and
interview data.1! Further, 60% of inpatients were excluded from the validation study for
commonly encountered reasons: transfer from another hospital, inability to communicate
(or communicate in English), seizures, severe AWS on presentation, or being “‘too sick’’ to
participate.12 These issues ultimately complicate the use of any assessment strategy relying
on patient self-report in real-world hospital practice. By comparison, a valid EHR algorithm
that efficiently identifies patients at increased risk for AWS on admission could be applied
more broadly to patients and streamline the clinical workflow.

Several limitations might impact the external and internal validity of this study. The

study dataset included mostly male, older age, White patients engaged in VHA care and
hospitalized in FY2013; additional research is required to assess whether results generalize
to veterans hospitalized more recently or patients admitted to non-VHA hospitals. An
existing secondary dataset was used to conduct this study; prospective and patient-reported
data were unavailable. A validated measure of AWS severity does not yet exist and
therefore, was not included in these analyses. Although the Clinical Instrument Withdrawal
Assessment for Alcohol-Revised (CIWA-Ar) is used to assess AWS severity in some
hospital settings,3? it reflects both AWS severity and response to AWS treatment. The
study was not large enough to support both a derivation and validation dataset. Prevalence
of inpatient AWS in this study (~5%) was higher than what some studies using billing

data have reported, 2122 put similar to single-center prospective cohorts.21112 |n the VHA,
screening, and treatment for addictions are high priorities,13:34:35 and providers have access
to a single EHR providing relatively comprehensive outpatient and inpatient data. In health
systems with less care continuity, the presence or absence of prior-year AUD and/or AWS
may be less reliable and results of this study will be less applicable.

Bias in EHR data may lead to biased predictions. For example, the finding that black
patients with prior-year AUD and/or AWS were less likely than White patients to experience
subsequent inpatient AWS could indicate that providers are more likely to document mild
AUD and/or AWS (stigmatized diagnoses) in Black patients; prior VHA research lends
credence to this hypothesis.36 The extent of such biases in EHR data could impact the
validity of EHR algorithms for risk-stratifying patients, thus future research is needed to
understand this finding. Internal validity might also be improved by combining multiple
characteristics into a risk score for predicting inpatient AWS or considering other factors
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beyond the scope of this initial study—vital signs, laboratory tests, alcohol screening scores,
and historical data predating the previous year.

Future studies should be designed to address the following issues: stratification by severity
of AWS and/or severity of AUD, inclusion of gold standard measures for formal assessment
of AWS, evaluation of whether EHR data predating the previous year improves prediction

of AWS, and validation of this study’s findings in a secondary dataset. Evaluating the
predictors of outcomes such as hospital length of stay, need for intensive care, and intubation
among hospitalized patients with AWS would lend additional important insights. Subsequent
research could then assess whether implementation of an EHR-based prediction model can
improve proactive diagnosis, treatment, and clinical outcomes of hospitalized patients with
AWS. In the meantime, this study’s novel findings provide an initial evidence-base for a
practical approach to identifying hospitalized patients who warrant close monitoring for a
common and morbid inpatient condition.3:6:8

Notwithstanding its limitations, this study has important strengths. With 209,151
hospitalized patients and 9727 patients with AWS, the study represents the largest cohort

of inpatient AWS in the literature. By comparison, all 14 high-quality studies referenced

in a recent review of AWS—{fogether—included only 1355 patients with AWS, and only

27 patients with AWS from an unselected general hospital sample.12:32 The present study
used a geographically diverse national sample of patients admitted to 100 different facilities
across the U.S. and widely accessible EHR data (demographics, ICD codes, and inpatient/
outpatient encounters) to identify factors associated with AWS. The magnitude of the
findings in patients with previously documented AUD and/or AWS is large enough to be
clinically important and prior-year AUD and/or AWS diagnoses can be extracted easily from
the EHR by admitting clinicians or incorporated into clinical decision support tools.

CONCLUSIONS

In the VHA, AWS complicates 5% of medical hospitalizations. Inpatient AWS is associated
with significant morbidity and mortality—outcomes that could be improved by early
identification. This study suggests that 2 elements of the documented medical history,
prior-year AUD and/or AWS, easily extracted from the EHR and available on admission,
can identify the vast majority of medical inpatients who will develop AWS during their
hospitalization.
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FIGURE 1.

Marginal effects of prior-year health characteristics on the probability of AWS among
medical inpatients with and without prior-year alcohol use disorder and/or AWS in the
Veterans Health Administration in fiscal year 2013. AWS indicates alcohol withdrawal

syndrome.
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Characteristics of Medical Inpatients in the Veterans Health Administration in Fiscal Year 2013

TABLE 1.

Medical Inpatients (n = 209,151)

Age yrs, mean (sd)
Male, no. (%)
Race, no. (%)
White
Black
Hispanic/Latino
Other Race/Ethnicity
Unknown
Single, no. (%)
Homeless, no. (%)
Prior-year medical diagnoses, no. (%)
Pain-related
Seizure
Cerebrovascular disease
Dementia
Heart failure
Chronic obstructive pulmonary disease
Gastrointestinal disorder
Cirrhosis
Chronic kidney disease
Acute kidney injury
Diabetes
Malignancy
Trauma
Pneumonia
Sepsis/shock
Prior-year AUD, no. (%)
Prior-year AWS, no (%)
Prior-year other substance use disorder”, no. (%)
Prior-year mental health diagnoses, no. (%)
Anxiety
Depression
Post-traumatic stress disorder
Bipolar disorder
Psychotic disorder
Prior-year outpatient care, no. (%)
Emergency Department care
Primary care

Specialty Medical/Surgical care

J Addict Med. Author manuscript; available in PMC 2021 October 06.

67.9 (12.8)
200,369 (95.8)

140,572 (67.2)

42,232 (20.2)
10,874 (5.2)
5699 (2.7)
9774 (4.7)

120,088 (57.4)
15,466 (7.4)

152,966 (73.1)
10,713 (5.1)
32,608 (15.6)
21,241 (10.2)
47,893 (22.9)
63,429 (30.3)
18,798 (9.0)
11,348 (5.4)
40,062 (19.2)
28,303 (13.5)
85,953 (41.1)
43,578 (20.8)
47,390 (22.7)
30,044 (14.4)
26,053 (12.5)
32,028 (15.3)
6905 (3.3)
20,292 (9.7)

27,054 (12.9)
56,545 (27.0)
30,144 (14.4)
8392 (4.0)
13,872 (6.6)

122,776 (62.7)
184,306 (93.0)
175,938 (88.9)
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Medical Inpatients (n = 209,151)

Mental Health/Substance use care 72,354 (37.5)
Prior-year inpatient care, no. (%)

Medical admission 82,128 (39.3)

Surgical admission 16,491 (7.9)

Mental health/Substance use admission 7780 (3.7)

AUD indicates alcohol use disorder; AWS, alcohol withdrawal syndrome.

*
Includes only drug use disorders.
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