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ABSTRACT 
 

Background and Aims: Topiramate is widely prescribed to treat a variety of conditions, 

including alcohol use disorder (AUD). We used electronic health record (EHR) data to examine 

topiramate’s effects on drinking in individuals differentiated by a history of AUD. Design: 

Parallel-groups comparison of patients prescribed topiramate and a propensity-score matched 

comparison group. Setting: A large U.S. integrated healthcare system. Participants: Patients 

with Alcohol Use Disorders Identification Test-Consumption (AUDIT-C) scores prior to and after 

a minimum of 180 days of topiramate prescription for any indication and a propensity-score 

matched group. The sample included 5,918 patients with an electronic health record diagnosis 

of alcohol use disorder at any time (AUD-hx-pos) (1,738 topiramate exposed and 4,180 

controls) and 23,614 patients with no EHR diagnosis of AUD (AUD-hx-neg) (6,324 topiramate 

exposed and 17,290 controls). Measurements: Regression analyses compared difference-in-

difference (DiD) estimates, separately by AUD history. DiD estimates represent exposure-group 

(i.e., topiramate vs. control) differences on the pre-post difference in AUDIT-C score. Effects of 

baseline AUDIT-C score and daily topiramate dosage were also tested. Findings: Among AUD-

hx-neg patients, those who received topiramate had a greater reduction in AUDIT-C score (-

0.11) than matched controls (-0.04). This yielded a DiD score of -0.07 (95% CI= -0.11,-0.03; P 

=0.002), with the greatest effect among AUD-hx-neg patients with a baseline AUDIT-C score of 

4+ (DiD = -0.35, 95% CI=-0.49, -0.21; P <0.0001) and those prescribed >150 mg/day of the 

medication (DiD = -0.15, 95%CI=-0.23, -0.07; P <0.001). Discussion: The lack of an effect of 

topiramate on drinking levels in AUD-hx-pos patients contrasts with the robust reductions seen 

in topiramate clinical trials. Research is needed to ascertain whether AUDIT-C scores from  

EHR data accurately reflect medication effects on drinking and whether patient characteristics 

can be used to select patients most likely to reduce their drinking when treated with topiramate. 
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INTRODUCTION 

Topiramate, first approved by the U.S. Food and Drug Administration (FDA) in 1996 as 

an anticonvulsant, was subsequently approved to prevent migraine and, in combination with 

phentermine, for weight loss. It is widely prescribed for all three indications (Woolley et al. 2017, 

Sirven et al. 2018, Ganguly et al. 2018, Kim et al. 2019), with 7.5 to 10.75 million U.S. 

topiramate prescriptions annually from 2010 to 2018 (Kane, 2018). Although topiramate is not 

approved for treating alcohol use disorder (AUD), based on randomized controlled clinical trials 

showing that the medication is efficacious in promoting abstinence and reducing heavy drinking 

and alcohol craving (Blodgett et al., 2014), it is now considered an evidence-based treatment for 

moderate-to-severe AUD (Del Re et al. 2013, Jonas et al. 2014, US Veterans Health 

Administration/Department of Defense 2015).  

Given these findings, topiramate could reduce drinking among individuals who receive it 

for an indication other than treating AUD. Further, the effect of topiramate on alcohol use could 

differ among individuals  depending on whether they had ever been diagnosed with AUD and as 

a function of either baseline drinking level or average daily dosage of the drug. To address 

these questions, we used data from the largest integrated healthcare system in the United 

States to examine topiramate’s effects separately for individuals known to have a history of AUD 

(AUD-hx-pos) and those without evidence of such a history (AUD-hx-neg). We anticipated that 

topiramate-treated patients would show a greater reduction in AUDIT-C scores than an 

unexposed control group among both AUD-hx-pos and AUD-hx-neg patients. We also expected 

that the effects of topiramate would increase with increasing pretreatment AUDIT-C scores and 

an increasing average daily topiramate dosage. 

 

METHODS 

Study population 
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We performed an observational cohort study using data from the US Department of 

Veterans Affairs (VA) Corporate Data Warehouse (CDW), comprising the electronic health 

records (EHR) of >17 million patients accessing care at more than 1,200 U.S. hospitals, medical 

centers, and community outpatient clinics (US Department of Veterans Affairs, 2008). Available 

data include information on all outpatient and inpatient encounters, including demographics, 

medical and psychiatric diagnoses, pharmacy dispensing records, laboratory measures, and 

routinely collected measures of smoking and alcohol consumption.  

We identified a cohort of 1,044,029 patients who were dispensed topiramate at VA 

pharmacies between January 1, 2009 and October 1, 2015 (to ensure consistency in disease 

coding as that was when ICD-10 was implemented system-wide to replace ICD-9) or matched 

controls with no history of topiramate exposure. The topiramate-exposed group included all 

patients who received the medication for at least 180 continuous days for any indication, with 

coverage for at least 144 of those days and no gap larger than 30 days. We identified new 

episodes of topiramate exposure by applying a washout period, so that patients who received 

topiramate at any point were eligible to be followed only after one year with no exposure. The 

clinics that commonly generated topiramate prescriptions included: primary care, neurology, 

psychiatry, women’s health, substance use disorder treatment, pain medicine, endocrinology, 

physical medicine and rehabilitation, and clinical pharmacy. For unexposed controls, we 

selected patients who attended at least one of these clinics but never received topiramate to 

ensure that unexposed patients came from the same source population and had an equal 

opportunity to receive topiramate. We defined the index date as the first fill date for topiramate-

exposed patients and a random outpatient visit date per calendar year for unexposed patients.  

We excluded patients with no outpatient care in the VA in the year prior to their index 

date, those with no AUDIT-C score, a routinely collected measure of alcohol consumption (Bush 

et al. 1998) in the two years prior to their index date, and those who had received treatment with 

medications that could reduce alcohol consumption. As can be seen in Supplementary Table 1, 
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within both the AUD-hx-pos patients and the AUD-hx-neg patients, the prevalence of co-

occurring psychiatric and substance use disorders did not differ as a function of topiramate 

treatment history. However, for virtually all co-occurring disorders, the AUD-hx-pos patients 

have a much higher prevalence of co-occurring disorders than do the AUD-hx-neg patients. 

Although topiramate is not approved to treat any psychiatric disorder, it is frequently prescribed 

off-label to treat mood disorders and substance use disorders, including AUD. 

Measures  

An AUD history required the presence of one inpatient or two outpatient ICD-9 (303.X or 

305-305.03) diagnostic codes at any time prior to baseline. A current AUD diagnosis had to be 

present during the year prior to baseline. Alcohol consumption was assessed using the AUDIT-

C, a three-item, self-report screening questionnaire that detects hazardous or harmful drinking 

by querying past-year: 1) frequency of drinking, 2) number of drinks consumed on a typical day, 

and 3) frequency of drinking 6 or more drinks on an occasion (i.e., binge drinking) (Bush et al., 

1998). AUDIT-C scores range from 0-12, with higher scores indicating greater risk of alcohol-

related adverse effects. An AUDIT-C score of zero is defined as no current alcohol use, 1-3 

indicates lower-risk drinking, 4-7 is considered at-risk drinking, and ≥8 is considered hazardous 

or harmful alcohol consumption. Since 2007, the VA has required annual AUDIT-C screening of 

all patients in primary care (Bradley et al., 2006).  

Propensity-score matching 

We used propensity-score matching on a set of covariates associated with the receipt of 

topiramate to adjust for the conditional probability of being prescribed the medication. This 

reduced the risk that patients with specific alcohol consumption patterns would be more likely to 

receive topiramate (Brookhart et al., 2006). By balancing the exposed and unexposed groups, 

the design simulates the effect of treatment allocation in a randomized controlled trial (Austin, 

2011). Because estimating propensity scores separately has been shown to be unbiased, 

particularly in subgroup analyses in small samples (Eeren et al., 2015, Green and Stuart, 2014, 
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Rassen et al., 2012), we used multivariable logistic regression models to estimate propensity 

scores separately for AUD-hx-pos and AUD-hx-neg patients, as defined below. 

Variables used in the propensity-score models were selected a priori based on clinical 

knowledge (Hernán et al., 2002). They included the year of index date, age at baseline, race, 

smoking status, body mass index at baseline, site prescribing pattern (the proportion of patients 

who initiated topiramate stratified by year), hepatitis C virus status, history of seizure prior to 

baseline, history of pain diagnoses prior to baseline (including neuropathy, osteoarthritis, or pain 

in the abdomen, back, chest, extremity, or neck, headache, or fracture), and history of medical 

and psychiatric conditions prior to baseline (including atrial fibrillation, myocardial 

infarction/coronary artery disease, peripheral vascular disease, diabetes, nephrolithiasis, 

glomerulonephritis, hyperlipidemia, pancreatitis, drug use disorders, post-traumatic stress 

disorder (PTSD), major or other depression, anxiety disorder, bipolar disorder, schizophrenia 

and schizoaffective disorder). We also included variables that captured attendance at clinics 

(including primary care, dialysis, diabetic retinal screening, rheumatology, infectious disease, 

nephrology, neurology, pain, allergy, chiropractic, dental, diabetes, emergency department, 

electrocardiogram lab, ophthalmology, hematology, oncology, homeless program, nutrition, 

orthopedics, substance use, mental health, PTSD), frequency of all-cause hospitalizations, and 

the total number of unique clinics visited in the year prior to baseline. Lastly, variables denoting 

receipt of other prescriptions (starting on or before the index date and continuing past the index 

date) to treat pain (including non-steroidal anti-inflammatory drugs, opioids, muscle relaxants, 

and antidepressants) were included in the model. Significant interaction terms (P < 0.05) were 

kept in the final model. The model C-statistic was 0.846 for patients with AUD and 0.886 for 

patients without AUD, indicating adequate discrimination between topiramate-exposed and -

unexposed patients in both models (Hosmer and Lemeshow, 2000).  

Because the distribution of propensity scores for exposed and unexposed patients 

differed, we used propensity-score matching to exclude non-exchangeable unexposed patients 
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(Spoendlin et al., 2016). We conducted propensity-score matching within pre-specified 

subgroups of patients based on baseline AUDIT-C score (four groups: 0, 1-3, 4-7, 8+) and year 

of the index date (each year from 2009 through 2015) and aggregated the strata to create the 

matched cohort (Wang et al., 2018). Each exposed patient was matched to up to five 

unexposed patients with index dates in the same calendar year, using a greedy matching 

algorithm (Cormen, 2009).      

Follow-up period  

We followed patients from their index date for a maximum of two years or until their last VA visit 

or death. Additionally, topiramate-exposed patients were censored at 30 days after the end of 

their last topiramate prescription (allowing for a maximum 30-day gap between fills). To ensure 

equal follow-up time within matched sets, unexposed patients were censored at the total follow-

up time of their matched exposed patient. Once patients were censored, their AUDIT-C scores 

were not included in the analyses. 

Statistical analyses 

Statistical analyses were performed separately for patients with an AUD history (AUD-

hx-pos) and those with no AUD diagnosis code (AUD-hx-neg) as of their index date. Although 

the availability of an AUDIT-C score was a criterion for study inclusion, we did not restrict 

matching eligibility to patients with a follow-up AUDIT-C score (the outcome measure), as no 

such exclusion would be applied in a randomized clinical trial. To maintain a balanced sample, 

for all exposed patients with no follow-up AUDIT-C, we removed the entire set of matched, 

unexposed patients. If an unexposed patient had no follow-up AUDIT-C score, we excluded only 

that individual, retaining all other unexposed patients in the set. We used the phi coefficient 

(>0.05) and the standardized mean difference (where SMD>0.1 indicates imbalance) to 

examine balance between exposed and unexposed patients in the full sample, the propensity-

score matched sample, and the final analytic sample (Austin 2009). 
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Among patients in the final analytic sample, we calculated the average baseline and 

follow-up AUDIT-C scores. The baseline AUDIT-C scores was defined as that closest to the 

index date, within a maximum of two years. Follow-up AUDIT-C scores were defined as the 

measure on the date closest to the end of the exposure and no later than 30 days post-

exposure. We used multivariable difference-in-difference (DiD) linear regression models 

(Donald and Lang, 2007; Lechner, 2011) via repeated measures to estimate the differential 

change between baseline and follow-up AUDIT-C scores. Models included a binary indicator for 

treatment exposure, a binary indicator for time (baseline versus follow-up), and an exposure by 

time interaction term. All interactions were tested for significance with Type 3 tests of fixed 

effects. DiD estimates for the exposure groups were compared using t-tests. To account for 

residual confounding after propensity-score matching, models were adjusted for characteristics 

that differed between the exposed and unexposed groups post propensity-score matching. We 

used a phi coefficient>0.05 and SMD>0.1 to identify confounding categorical and continuous 

confounders, respectively. 

The moderating effects of self-reported level of alcohol consumption at baseline and 

average daily topiramate dosage during the observation period were examined in three-way 

interactions with treatment exposure and time, with significance determined by Type 3 tests of 

fixed effects. We also performed subgroup analyses within significant moderators using 

Bonferroni-corrected t-tests on contrast estimates. Daily dosage was categorized into three 

levels of potential clinical relevance: low [≤100 milligrams (mg)], medium (>100 mg to 150 mg), 

and high (>150 mg). All statistical analyses were performed using SAS Enterprise Guide version 

8.2 (SAS Institute Inc., Cary, NC, USA). 

To test the sensitivity of the results to the exclusion of non-drinkers, we repeated the 

analyses after removing patients who reported no alcohol consumption as measured closest in 

time to the baseline assessment. 
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RESULTS 

Study Sample 

As shown in Figure 1, the initial sample comprised 1,044,029 patients, including 38,366 

topiramate-exposed patients and 1,005,663 potential controls. Propensity-score matching 

yielded 22,332 AUD-hx-pos patients and 77,478 AUD-hx-neg patients. The application of 

exclusion criteria (i.e., patients receiving an exclusionary medication or lost to follow-up, or 

unexposed patients matched to exposed patients who were excluded or lost to follow-up) led to 

the exclusion of 16,414 AUD-hx-pos patients and 53,864 AUD-hx-neg patients. The final sample 

available for analysis consisted of 5,918 AUD-hx-pos patients (1,738 topiramate exposed and 

4,180 controls) and 23,614 AUD-hx-neg patients (6,324 topiramate exposed and 17,290 

controls).  

(Figure 1 Here) 

Demographic and clinical characteristics at baseline for the final matched sample are 

presented in Table 1 and Supplementary Table 1. Among AUD-hx-pos patients, the mean age 

was 52.2 yr. (SD=12.0) and 5,254 (88.8%) were male, 4,314 (72.9%) were non-Hispanic white 

and 1,127 (19.0%) were non-Hispanic black. Within this subsample, only the number of 

neurology clinic visits (SMD=0.11) and number of prescriptions (SMD=0.65) were unbalanced 

between the exposure groups. Among AUD-hx-neg patients, the mean age was 53.6 yr 

(SD=14.7) and 18,649 (79.0%) were male, 18,168 (76.94%) were non-Hispanic white and 3,504 

(14.8%) were non-Hispanic black. For AUD-hx-neg patients, number of visits to neurology 

clinics (SMD=0.13) and number of prescriptions (SMD=0.70) remained unbalanced between the 

exposure groups.  

(Table 1 Here) 

Baseline and Follow-up AUDIT-C Score 

Average AUDIT-C scores at baseline and follow-up for AUD-hx-pos and AUD-hx-neg 

patients in the final matched sample are presented in Tables 2 and 3, respectively, which 
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include additional statistics from the comparisons described in the text. Among AUD-hx-pos 

patients (Table 2), there were no significant differences in average AUDIT-C scores between 

exposure groups at baseline (2.44 for topiramate users versus 2.33 for controls; P = 0.24) or 

follow-up (1.81 versus 1.81; P = 0.98). Among AUD-hx-neg patients (Table 3), although average 

AUDIT-C score did not differ significantly between exposure groups at baseline (0.97 versus 

1.01; P = 0.11), the topiramate group had a significantly lower average AUDIT-C score than the 

control group at follow-up (0.86 versus 0.96; P < 0.0001).  

(Tables 2 and 3 Here) 

Among AUD-hx-pos patients, the estimated change in AUDIT-C score was -0.63 

[SE=0.08, 95%CI=(-0.79,-0.47), P < 0.0001] for topiramate-treated patients and -0.52 [SE=0.05, 

95%CI=(-0.62, -0.42), P < 0.0001] for matched controls, resulting in a DiD score of -0.11 

[SE=0.10, 95%CI=  (-0.30,0.08), P = 0.24]. There were no significant effects of baseline AUDIT-

C score (F(2,5910)=0.21, P = 0.89), average total daily topiramate dosage (F(2,5912)=0.79, P = 

0.45), or a current diagnosis of AUD (F(1,5914)=0.31, P =0.58) on the average AUDIT-C DiD 

score in AUD-hx-pos patients.  

(Figure 2 Here) 

Among AUD-hx-neg patients, the estimated change over time in AUDIT-C score was       

-0.11 [SE=0.02, 95%CI=(-0.15, -0.07), P < 0.0001] for topiramate-treated patients and -0.04 

[SE=0.01, 95%CI=(-0.07, -0.02, P = 0.0002] for matched controls, a significant difference by 

exposure group [DiD= -0.07, SE=0.02, 95%CI=(-0.11, -0.03), P = 0.002). Baseline AUDIT-C 

score was associated with the DiD score (F(2,24000)=9.06, P = 0.0001), such that higher 

baseline AUDIT-C scores were associated with a greater DiD score favoring the topiramate 

group. Although the effect of topiramate was significant among patients with baseline AUDIT-C 

scores of 1-3 (DiD=-0.09, SE=0.03, 95%CI=(-0.15, -0.02), P = 0.011), it was substantially larger 

among those with baseline AUDIT-C scores of 4+ (DiD=-0.35, SE=0.07, 95%CI=(-0.49, -0.21), 

P < 0.0001). There was also a significant effect of average daily topiramate dosage on the DiD 
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score in AUD-hx-neg patients (F(2, 24,000)=3.43, P = 0.03). At a high average dosage (i.e., 

>150 mg/day), the estimated change over time in AUDIT-C score was -0.15 [SE=0.04, 

95%CI=(-0.22, -0.08), P < 0.0001] for topiramate-treated patients and -0.002 [SE=0.02, 

95%CI=(-0.04, 0.04), P = 0.91] for matched controls, a significant DiD of -0.148 [beta= -0.15, 

SE=0.04, 95%CI=(-0.23, -0.07), P = 0.0003]. The effects of topiramate were not significant at 

the two lower dosage levels [<100 mg/day: beta= -0.05, SE=0.03, 95%CI=(-0.11, 0.01), P = 

0.09] and 100-150 mg/day: beta=0.03, SE=0.06, 95%CI=(-0.09, 0.15), P = 0.60]. 

(Figure 3 Here) 

A sensitivity analysis in which we excluded patients who reported no drinking at an 

assessment closest in time to the baseline (AUDIT-C=0) yielded similar results. 

 

DISCUSSION 

Using EHR data from the largest integrated healthcare system in the United States, we 

found that both AUD-hx-pos and AUD-hx-neg individuals reported significantly decreased 

drinking over time. Among AUD-hx-pos individuals, the change over time was similar between 

the topiramate-exposed and unexposed groups, even when considering individuals with a 

current AUD diagnosis. Among individuals with no history of AUD, topiramate was associated 

with reduced drinking. This small effect was most evident among patients with higher baseline 

drinking levels. Patients with a baseline AUDIT-C score of 1-3 had a DiD score of -0.09, while 

those with a baseline AUDIT-C score of 4+ had a DiD score of -0.35. A subanalysis also 

revealed that the effect of topiramate was present only among individuals receiving an average 

daily dosage of >150 mg/day, where the DiD score was -0.148. The effects on AUDIT-C score, 

although statistically significant, represent a small reduction in one or more of the 3 AUDIT-C 

items: frequency of drinking, quantity of drinking, or frequency of intoxication. For example, a 

DiD score of -0.35 in individuals with an AUDIT-C score of 4+ could reflect a reduction in the 
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frequency of drinking, but would not be large enough to go from 2-4 times per month (which is 

scored 2) to monthly or less (which is scored 1), as that would be a DiD score of -1.0.  

The absence of an effect of topiramate in AUD-hx-pos patients, particularly those with a 

current AUD diagnosis, contrasts with the findings from multiple randomized controlled trials 

(RCTs) of topiramate for treating AUD, which showed a robust reduction in heavy drinking 

(Blodgett et al. 2014, Kranzler et al. 2021). Although the AUDIT-C is validated and widely used 

as a screening instrument, the quality of alcohol screening (and thus the accuracy of the alcohol 

consumption estimate) cannot be assured without careful monitoring and quality control 

(Bradley et al. 2011). An observational study of AUDIT-C screening showed that most screening 

was conducted verbally and included non-verbatim screening and making inferences, 

assumptions, and/or suggestions to input responses and adaptations of screening questions to 

enhance patient comfort (Williams et al. 2015). These non-standard methods could reduce the 

accuracy of the information obtained. Thus, topiramate’s effect on drinking could have been 

seen only in AUD-hx-neg patients because they may provide more accurate self-reports of 

drinking than patients with AUD, particularly those not seeking alcohol treatment.  

The findings reported here also highlight differences between motivated volunteers in an 

RCT who seek to reduce or stop drinking and patients in clinical care who may not have sought 

to change their drinking behavior. Thus, these findings could indicate that although topiramate 

helps people reduce their drinking if they seek to do so, in the absence of such motivation (and 

the psychosocial support that often accompanies study medication in an RCT for AUD) 

topiramate does not substantially reduce drinking. 

In the AUD-hx-neg group, the dose-related effect of topiramate is consistent with a 

pharmacological effect of the medication on drinking. However, the small effect limits its clinical 

significance. Larger medication effects have been reported in prior EHR-based studies that 

used propensity-score matching to examine the effects of gabapentin (Rentsch et al. 2019) and 

spironolactone (Palzes et al. 2021) prescribed for any indication on alcohol consumption.  
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Rentsch et al. (2019) compared patients from the Veterans Aging Cohort Study who 

were prescribed gabapentin with up to 5 matched, unexposed patients. They found that 

gabapentin-exposed patients showed a decrease in AUDIT-C score that was 0.39 points greater 

than in unexposed patients. The effect of gabapentin was nearly twice that (DiD score = 0.77) 

among patients with a history of AUD who received ≥1,500 mg/d of the medication. Effects of 

gabapentin were not significant among AUD-hx-pos individuals who received a lower dosage of 

gabapentin or had a baseline AUDIT-C score ≥4, as well as AUD-hx-neg individuals.  

Palzes et al. (2021) used EHR data from Kaiser Permanente Northern California, a large 

integrated healthcare system, to examine changes in weekly alcohol use among 523 

spironolactone-treated and 2,305 untreated adults. They found that treated spironolactone-

treated patients reduced their alcohol use by 0.76 drinks/week more than untreated patients. 

Follow-up analyses revealed that the effect of spironolactone was seen only among patients 

who at baseline were drinking >7 drinks/week. Further, a higher spironolactone dosage was 

associated with a significantly greater DiD score.  

Notably, there is considerably greater evidence from clinical trials that topiramate 

consistently reduces alcohol consumption (Blodgett et al. 2014, Kranzler et al. 2021) than is true 

for either gabapentin (Kranzler et al. 2019) or spironolactone (for which there are no published 

RCTs in AUD). Thus, efforts are needed to identify key factors that influence the validity of EHR 

data for evaluating medications to treat AUD, such as self-reported drinking behavior. This could 

help to increase the correspondence between effects observed in EHR data and those from 

RCTs, the gold standard for evaluating efficacy. This would help to define the utility of large, 

extant databases in AUD medications development. 

Limitations of this study include a reliance on self-reported drinking behavior, which as 

suggested above, could have contributed to the lack of a medication effect in the AUD-hx-pos  

group and possibly an underestimation of its effect in AUD-hx-neg individuals. Use of a 

biological measure of alcohol consumption, such as phosphatidylethanol (PEth) (Wurst et al. 
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2015, Schröck et al. 2017), could help to increase the accuracy of the outcome measure in 

analyses such as this. We chose to limit the study to the period prior to 2015, when ICD-9 was 

replaced with ICD-10, to ensure consistency in disease coding. However, the use of topiramate 

to treat AUD has increased in recent years, so that this may have reduced the number of 

individuals in the study sample with current AUD who received topiramate treatment. This could 

have contributed to the lack of an effect of topiramate treatment in patients with current AUD. 

Because PEth is not a routine laboratory test in the VA, it was not available for most patients in 

the study. Other, routine laboratory tests, such as gamma-glutamyl transferase, are less 

sensitive and specific than PEth (Wurst et al. 2015) and results from these tests are also not 

consistently available in the VA EHR. The EHR, although a useful source of diagnostic 

information, does not cover a patient’s entire lifetime, so it likely resulted in an underestimation 

of the prevalence of a history of AUD. Given the chronic nature of AUD and the substantial 

efforts of the VA healthcare system to identify and treat AUD, the impact of this undercounting is 

likely to be small. Because the patient population studied was predominantly male and 

comprised exclusively of veterans who receive care in the VA healthcare system, our ability to 

generalize the findings to women, veterans who receive care outside the VA healthcare system, 

and non-veterans is limited. Further, the age of our sample (~52 years) differs substantially from 

individuals with AUD in the population, whose mean age at first AUD treatment has been 

reported to be 29.4 years (Grant et al. 2015). Two factors mitigate the impact of this difference, 

however. First, the age at which AUD-hx-pos veterans in our study received topiramate is likely 

later than when they may first have been treated for AUD. Second, the mean age of participants 

in some RCTs of topiramate for treating AUD is close to that of the patients in our sample. For 

example, in the largest multi-center trial of topiramate for treating AUD the mean age of 

participants was 47.3 years (Johnson et al. 2007). 

The study’s strengths include the large sample, which provides adequate statistical 

power to test small effects. Propensity-score matching permitted a balanced comparison of 
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exposed and unexposed patients and lends confidence in the validity of the findings, which 

suggest that prescribing topiramate to individuals without a history of AUD for a variety of 

indications can modestly reduce drinking. Recent epidemiological findings show that, even at 

low levels of alcohol consumption there is a discernible increase in all-cause mortality,  

particularly deaths due to cancer (GBD 2016 Alcohol Collaborators 2018). Thus, even a small 

decrease in alcohol consumption could have beneficial effects on public health. Further 

research is needed to ascertain whether the use of data from the AUDIT-C accurately estimates 

the reduction in drinking associated with topiramate treatment and, given the observed effects, 

which patient characteristics can be used to identify patients most likely to reduce their drinking. 
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FIGURE LEGENDS 
 
 
Figure 1:  Selection of the Study Sample: Flow chart showing the numbers of patients retained 
for analysis following the application of inclusion and exclusion criteria 
 
Figure 2:  Baseline and Follow-up AUDIT-C Scores by Baseline AUDIT-C Score Group Among 
Patients with a History of an Alcohol Use Disorder Diagnosis. 
 
Figure 3: Baseline and Follow-up AUDIT-C Scores by Baseline AUDIT-C Score Group Among 
Patients with No History of an Alcohol Use Disorder Diagnosis. 
 



Supplementary Table 1: Prevalence of Psychiatric and Substance Use Disorder Diagnoses of Unexposed Control and Topiramate Groups by History of Alcohol Use Disorder 

*Chi-square statistic
 

 History of Alcohol Use Disorder No History of Alcohol Use Disorder 
 Control  

(n=18,610) 
Topiramate 
(n=3,722)  

Control  
(n=64,565) 

Topiramate 
(n=12,913)  

 n % n % Statistic* df P-value n % n % Statistic* df P-value 

Psychiatric Diagnoses               

     PTSD 10,302
 

55.36
 

2,047
 

55.00
 

0.1626
 

1
 

0.6867
 

22,039
 

34.13
 

4,327
 

33.51
 

1.8767
 

1
 

0.1707
 

     Depressive Disorder 15,094
 

81.11
 

2,995
 

80.47
 

0.8241
 

1
 

0.3640
 

34,805
 

53.91
 

6,850
 

53.05
 

3.1986
 

1
 

0.0737
 

     Bipolar disorder 6,896
 

37.06
 

1,378
 

37.02
 

0.0014
 

1
 

0.9703
 

9,046
 

14.01
 

1,777
 

13.76
 

0.5568
 

1
 

0.4556
 

     Schizophrenia 1,673
 

8.99
 

324
 

8.70
 

0.3089
 

1
 

0.5783
 

2,013
 

3.12
 

384
 

2.97
 

0.7447
 

1
 

0.3882
 

     Schizoaffective disorder 1,504
 

8.08
 

299
 

8.03
 

0.0098
 

1
 

0.9212
 

1,753
 

2.72
 

343
 

2.66
 

0.1416
 

1
 

0.7067
 

     Generalized Anxiety Disorder 2,037
 

10.95
 

410
 

11.02
 

0.0155
 

1
 

0.9009
 

3,923
 

6.08
 

782
 

6.06
 

0.0076
 

1
 

0.9303
 

     Social Anxiety Disorder 236
 

1.27
 

44
 

1.18
 

0.1852
 

1
 

0.6670
 

249
 

0.39
 

50
 

0.39
 

0.0007
 

1
 

0.9793
 

     Panic Disorder 1,263
 

6.79
 

233
 

6.26
 

1.3761
 

1
 

0.2408
 

2,425
 

3.76
 

481
 

3.72
 

0.0286
 

1
 

0.8657
 

     Obsessive-Compulsive Disorder 433
 

2.33
 

82
 

2.20
 

0.2103
 

1
 

0.6465
 

710
 

1.10
 

146
 

1.13
 

0.0945
 

1
 

0.7585
 

     Agoraphobia 568
 

3.05
 

114
 

3.06
 

0.0012
 

1
 

0.9723
 

1,022
 

1.58
 

192
 

1.49
 

0.6434
 

1
 

0.4225
 

     Specific phobia 34
 

0.18
 

6
 

0.16
 

0.0801
 

1
 

0.7771
 

116
 

0.18
 

19
 

0.15
 

0.6545
 

1
 

0.4185
 

     Hypochondria 7
 

0.04
 

1
 

0.03
 

0.1000
 

1
 

0.7518
 

14
 

0.02
 

5
 

0.04
 

1.2740
 

1
 

0.2590
 

Substance Use Disorders               

     Tobacco 11,872
 

63.79
 

2,370
 

63.68
 

0.0188
 

1
 

0.8911
 

18,409
 

28.51
 

3,621
 

28.04
 

1.1723
 

1
 

0.2789
 

     Cocaine 4,467
 

24.00
 

922
 

24.77
 

1.0003
 

1
 

0.3172
 

660
 

1.02
 

147
 

1.14
 

1.4087
 

1
 

0.2353
 

     Alcohol 18,610
 

100
 

3,722
 

100
 

--
 

--
 

--
 

505
 

0.78
 

99
 

0.77
 

0.0334
 

1
 

0.8550
 

     Opioids 2,333
 

12.54
 

472
 

12.68
 

0.0594
 

1
 

0.8074
 

1,082
 

1.68
 

217
 

1.68
 

0.0014
 

1
 

0.9701
 

     Stimulants 856
 

4.60
 

181
 

4.86
 

0.4856
 

1
 

0.4859
 

224
 

0.35
 

44
 

0.34
 

0.0120
 

1
 

0.9128
 

     Marijuana 4,000
 

21.49
 

818
 

21.98
 

0.4287
 

1
 

0.5126
 

1,290
 

2.00
 

259
 

2.01
 

0.0033
 

1
 

0.9542
 

     Sedatives 739
 

3.97
 

149
 

4.00
 

0.0084
 

1
 

0.9268
 

255
 

0.39
 

50
 

0.39
 

0.0165
 

1
 

0.8979
 

     Hallucinogen 88
 

0.47
 

17
 

0.46
 

0.0172
 

1
 

0.8956
 

9
 

0.01
 

3
 

0.02
 

0.6001
 

1
 

0.4385
 

Other drug use 5,092 27.36 1,034 27.78 0.2737 1 0.6009 1,019 1.58 218 1.69 0.8283 1 0.3628 

Combination drug use 3,721 19.99 776 20.85 1.4078 1 0.2354 458 0.71 92 0.71 0.0015 1 0.9695 
Unspecified drug use 2,656 14.27 542 14.56 0.2128 1 0.6445 355 0.55 70 0.54 0.0118 1 0.9134 
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