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ORIGINAL RESEARCH

Identifying Reasons for Statin Nonuse 
in Patients With Diabetes Using Deep 
Learning of Electronic Health Records
Ashish Sarraju , MD;* Alban Zammit , MS;* Summer Ngo , BS; Celeste Witting , MD;  
Tina Hernandez-Boussard , PhD† Fatima Rodriguez , MD, MPH† 

BACKGROUND: Statins are guideline-recommended medications that reduce cardiovascular events in patients with diabetes. 
Yet, statin use is concerningly low in this high-risk population. Identifying reasons for statin nonuse, which are typically de-
scribed in unstructured electronic health record data, can inform targeted system interventions to improve statin use. We 
aimed to leverage a deep learning approach to identify reasons for statin nonuse in patients with diabetes.

METHODS AND RESULTS: Adults with diabetes and no statin prescriptions were identified from a multiethnic, multisite Northern 
California electronic health record cohort from 2014 to 2020. We used a benchmark deep learning natural language process-
ing approach (Clinical Bidirectional Encoder Representations from Transformers) to identify statin nonuse and reasons for 
statin nonuse from unstructured electronic health record data. Performance was evaluated against expert clinician review 
from manual annotation of clinical notes and compared with other natural language processing approaches. Of 33 461 pa-
tients with diabetes (mean age 59±15 years, 49% women, 36% White patients, 24% Asian patients, and 15% Hispanic pa-
tients), 47% (15 580) had no statin prescriptions. From unstructured data, Clinical Bidirectional Encoder Representations from 
Transformers accurately identified statin nonuse (area under receiver operating characteristic curve [AUC] 0.99 [0.98–1.0]) and 
key patient (eg, side effects/contraindications), clinician (eg, guideline-discordant practice), and system reasons (eg, clinical 
inertia) for statin nonuse (AUC 0.90 [0.86–0.93]) and outperformed other natural language processing approaches. Reasons 
for nonuse varied by clinical and demographic characteristics, including race and ethnicity.

CONCLUSIONS: A deep learning algorithm identified statin nonuse and actionable reasons for statin nonuse in patients with dia-
betes. Findings may enable targeted interventions to improve guideline-directed statin use and be scaled to other evidence-
based therapies.
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Patients with diabetes are at high risk for major ad-
verse cardiovascular events including premature 
cardiovascular mortality.1–4 Statins significantly 

reduce these cardiovascular events and are therefore 
recommended for patients with diabetes across major 
practice guidelines.5–8 However, despite compelling 

evidence of benefit and safety, guideline-directed sta-
tin use remains concerningly low in practice. In 2015 to 
2018, approximately half of a nationally representative 
cohort of individuals with diabetes in the United States 
were not on statins.9 Statin nonuse is more common 
in underrepresented populations including women and 
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minority groups, can contribute to excess cardiovascular 
events, and represents an important public health gap 
for cardiovascular disease prevention.10–15

Identifying reasons for statin nonuse can guide 
targeted interventions to improve guideline-directed 
statin use. Such reasons may include patient, clini-
cian, and system factors, may drive practice variation 
around statin use in diabetes, and are usually docu-
mented in unstructured, narrative portions of the elec-
tronic health record (EHR).13,16,17 To understand statin 
nonuse in diabetes across a health system, it is there-
fore necessary to analyze unstructured EHR data at 
scale. In patients with diabetes, prior work has shown 
suboptimal real-world documentation regarding statin 
use, so innovative approaches are needed to over-
come this limitation and accurately understand statin 
nonuse from unstructured EHR data.17 Artificial intel-
ligence approaches to natural language processing 
(NLP) may help analyze such large-scale unstructured 
data. We previously demonstrated that a deep learning 

NLP approach accurately identified statin nonuse and 
reasons for statin nonuse from complex, unstructured 
EHR data of patients with atherosclerotic cardiovas-
cular disease in a Northern California health system.16

In this study, we aimed to develop and validate a 
deep learning NLP approach using Clinical Bidirectional 
Encoder Representations from Transformers (Clinical 
BERT) to identify statin nonuse and actionable reasons 
for statin nonuse from unstructured EHRs of individ-
uals with diabetes.16,18 The goal of this approach was 
to develop an artificial intelligence–based pipeline to 
characterize statin nonuse across a health system 
using comprehensive EHR data and ultimately guide 
targeted interventions to improve guideline-directed 
statin use.

RESEARCH DESIGN AND METHODS
The data sets analyzed during the current study are not 
publicly available because of reasonable privacy and 
security concerns. The underlying EHR data are not 
easily redistributable to researchers other than those 
engaged in the Institutional Review Board-approved 
research collaborations in the current project. The cor-
responding author may be contacted for access to 
EHR data for an Institutional Review Board-approved 
collaboration.

Design and Study Cohort
This study was approved by the Stanford University 
Institutional Review Board. Informed consent was 
waived under Exemption 4 (research on existing data). 
For this retrospective cohort study, we identified pa-
tients at Stanford Health Care Alliance, a large, multisite 
health system in Northern California. Stanford Health 
Care Alliance consists of an academic hospital, a com-
munity hospital, and a multisite community practice 
network. The cohort included patients who were diag-
nosed with type 1 or type 2 diabetes between January 
1, 2014 and December 31, 2020 in ambulatory settings 
in Primary Care, Cardiology, and Endocrinology clinics 
at Stanford Health Care Alliance. The first diabetes di-
agnosis was considered the index diagnosis. Patients 
were between ages 20 and 89 years at time of diagno-
sis and did not have atherosclerotic cardiovascular dis-
ease (ASCVD). International Classification of Diseases 
Ninth and Tenth Editions were used to identify diabetes 
and ASCVD.

Statin prescriptions were identified using RxNorm 
codes (Table S1). Patients were classified accord-
ing to the presence or absence of statin prescrip-
tions documented in their structured EHR medication 
data. Prescriptions at diagnosis or a new prescription 
within 1 month after index diagnosis were included. In 

CLINICAL PERSPECTIVE

What Is New?
•	 Nearly 1 in 2 patients with diabetes in our co-

hort lacked guideline-directed statin prescrip-
tions, with gaps observed in younger, female, 
and Black individuals.

•	 A novel deep learning approach accurately 
identified statin nonuse and classified reasons 
for statin nonuse from unstructured electronic 
health record data, including patient reasons 
(side effects/contraindications and statin hesi-
tancy), clinician reasons (guideline-discordant 
practice), and system reasons (clinical inertia) 
for statin nonuse, which further varied by patient 
race and ethnicity.

What Are the Clinical Implications?
•	 By better understanding the real-world patient, 

clinician, and system barriers to guideline-
directed statin use across a health system, 
we can design tailored interventions to ad-
dress modifiable barriers to improve statin use 
and atherosclerotic cardiovascular disease 
treatment.

Nonstandard Abbreviations and Acronyms

Clinical BERT	 Clinical Bidirectional Encoder 
Representations from 
Transformers
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the case of a prescription that had no recorded end 
date, the prescription was considered active if it had 
started within 6 months before diagnosis. Patients who 
lacked statin prescriptions were classified according to 
whether they had documented statin allergies in struc-
tured EHR fields. Patients who lacked allergies were 
then assessed for any mention of statin terms (Table 
S2) in unstructured notes dated up to 30 days after 
diagnosis. A 30-day period was chosen because en-
counter documentation is expected to be completed 
within 14 days in this health system, so we allowed 
additional time, up to 1 month, after a diabetes diag-
nosis for providers to document statin use or nonuse. 
Patients who had any statin terms in unstructured 
notes were included in the deep learning NLP data set 
used for the development of NLP models to identify 
statin nonuse and reasons for statin nonuse.

Demographic and clinical characteristics at the time 
of index diagnosis were abstracted from the EHR in-
cluding age, sex, race and ethnicity, medical history, 
laboratory studies, diagnosing encounter specialty, 
number of hospitalizations in the year before diagnosis, 
and patient insurance payor type (private, Medicare, 
or Medicaid). Laboratory studies including total cho-
lesterol, low-density lipoprotein cholesterol, and cre-
atinine kinase or creatinine phosphokinase, were 
obtained within 6 months of initial diagnosis, and the 
value closest to the diagnosis date was used. Statin 
prescriptions were categorized based on intensity as 
high, moderate, or low, as previously described.19

Outcomes
The primary outcome was statin nonuse. The second-
ary outcome was the reason for statin nonuse accord-
ing to categories derived from manual annotation.

NLP Model Development
From the deep learning NLP data set as described 
above, all sentences that contained statin terms were 
concatenated in 1 document per patient for model 
training and evaluation. We used Clinical BERT, a 
benchmark deep learning approach consisting of 
models pretrained on a large set of clinical notes that 
can be fine-tuned to a text classification task in a 
process called transfer learning.18 The Clinical BERT 
model was pretrained on notes from MIMIC III, a data-
base containing EHRs from intensive care unit patients 
in Boston, MA.20

Manual Annotation

We created a ground-truth data set for model train-
ing and evaluation through manual annotation of a 
randomly selected sample of patients (N=1000). Four 
authors (AS, CW, SN, FR) manually annotated this 

data set to determine documentation of active statin 
use versus nonuse and annotate reasons for statin 
nonuse. Overlapping review was performed in a set of 
203 patients. For overlapping review, reviewers were 
paired into 2 groups of 2 reviewers, and 103 patients’ 
documents were annotated by the first group, and 
100 documents were annotated by the second group. 
Discrepancies were resolved by further clinician review 
(AS or FR).

Five categories for reasons for statin nonuse were fi-
nalized after manual annotation: statin-associated side 
effects/contraindication, guideline-discordant clinician 
practice, clinical inertia, statin hesitancy, and nonspe-
cific reasons. In addition to side effects attributed to 
prior statin use, if statins were avoided based on pre-
existing comorbidities (such as liver disease) or per-
ceived contraindications (including pregnancy) without 
a trial or challenge, these reasons were categorized 
within the side effects/contraindication category. This 
was done because of low individual frequencies for 
some of these reasons and to comply with privacy reg-
ulations that prevent the reporting of groups with fewer 
than 10 patients. Clinicians avoiding statin use based 
on lipid levels was considered guideline-discordant 
practice, given that statin indications for diabetes are 
primarily independent of lipid levels. Deferral of statin 
decisions to future visits despite their indications was 
considered clinical inertia. Statin hesitancy was noted 
when patients expressed a preference to avoid statins 
despite discussion of their indication. Nonspecific 
documentation was recorded when statin nonuse was 
documented without additional explanation.

NLP to Identify Statin Nonuse

We first developed a Clinical BERT model for bi-
nary classification between patients with and with-
out documented statin use from unstructured EHR 
documentation.16

NLP to Identify Reasons for Statin Nonuse

We then developed a multiclass Clinical BERT model 
to determine reasons for statin nonuse using our previ-
ously developed framework.16 For this, we fine-tuned 
the Clinical BERT pretrained model to perform multi-
class classification with our data set to identify the rea-
son for statin nonuse according to 1 of the 5 categories 
as previously described.

NLP Training and Evaluation

For training and evaluation, we split the manually an-
notated cohort into an 80% training set and 20% test 
set. We used the “transformers” library (Python soft-
ware, version 3.7) to the train the BERT models, and its 
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built-in “train” methods. We opted for the Adam gradi-
ent descent algorithm (with epsilon=1e-6) on a cross-
entropy loss to quantify the misclassification error. We 
used 10-fold cross-validation to validate the model 
and tune the hyperparameters (learning rate, num-
ber of epochs, batch size, strength of weight decay, 
and Adam’s epsilon value). To evaluate model per-
formance, we assessed precision, recall, area under 
curve (AUC), score, and F1 score. Precision (or positive 
predictive value) measures the fraction of correct posi-
tive predictions divided by all documents predicted 
as positive. Recall (or true positive rate) measures the 
fraction of correct positive predictions divided by the 
number of results that should have been predicted as 
positive. AUC score corresponds to the probability that 
a classifier will rank a positive document higher than a 
negative one. Finally, F1 score is defined as the har-
monic mean of precision and recall. For the multiclass 
classifiers for the reasons for statin nonuse, we used 
a one-versus-rest strategy and reported the weighted 
macro-averages of these metrics based on their pro-
portions in the evaluation set. For example, if we have 
k possible prediction classes (that is, reasons for statin 
nonuse) for the one-versus-rest strategy, we compute 
the metric of interest a total of k times as if in a binary 
case each time for each class (that is, each time, la-
beling the class of interest as 1 and all other classes 
as 0, computing metrics, and repeating this process 
for each class). After obtaining all k metrics, these are 
aggregated in a weighted manner based on the pro-
portion of each class in the evaluation set. After com-
pleting training and evaluation, the binary NLP model 
and highest performing multiclass NLP model were 
applied across the deep learning NLP data set.

Alternative NLP Approaches

We developed several contemporary alternative NLP 
methods for comparison with Clinical BERT following 
the same pipeline as above, namely: Convolutional 
Neural Network on word2vec-like embeddings 
(word2vec+CNN, a context-free model), base BERT 
(a pretrained model), and bioBERT (a pretrained 
model).21,22 The word2vec+CNN model is a nonpre-
trained NLP model. Base BERT is an NLP model that 
is pretrained on Wikipedia and BookCorpus, and thus 
has broad exposure to human language. BioBERT is 
a model that is initialized with base BERT weights and 
then re-trained on PubMed abstracts, and thus has ex-
posure to broad scientific terminology.

Statistical Analysis
For comparisons of baseline characteristics, we per-
formed an unpaired t test for numeric data and χ2/
Fisher exact tests for categorical variables. We used 
Cohen’s kappa coefficients to assess concordance 

between reviewers. All statistical tests were 2-sided 
with the threshold of P≤0.05 for statistical significance. 
We calculated 95% CIs for each metric of NLP perfor-
mance (Precision, Recall, F1 score, and AUC) by per-
forming a bootstrap resampling of 10 000 iterations to 
compute each metric and chose the interval between 
the 2.5% and 97.5% percentiles of these analyses. We 
compared unadjusted and adjusted odds ratios (ORs) 
of receiving high-intensity statin prescriptions (versus 
other statin intensities) and of receiving any statin pre-
scriptions (versus no prescriptions) through multivaria-
ble logistic regression. Analyses were performed using 
Python software, version 3.7, including with transform-
ers and scikit-learn packages.16

RESULTS
Study Cohort
There were 33 461 patients with diabetes in the study 
cohort (Table 1, Figure 1). Patients were on average 
59±15 years old, and 49% were women, 36% were 
Non-Hispanic White, 8% were non-Hispanic Black 
(Black), 15% were Hispanic, and 24% were non-
Hispanic Asian (Asian).Within the cohort, a total of 
15 880 (47%) individuals did not have statin prescrip-
tions of any intensity in their structured EHRs. Only 
304 (2%) of these individuals had statin allergies listed 
in structured EHRs (Figure 1). Individuals lacking statin 
prescriptions were more likely to be younger, female, 
Black, and have higher baseline low-density lipo-
protein cholesterol and were less likely to have been 
seen in a cardiology practice compared with those 
with statin prescriptions (Table 1, Table S3). Among 
those who received statin prescriptions, patients who 
were under 40 years of age, female, of Asian race, or 
had type 1 diabetes were less likely to receive high-
intensity statins versus low- or moderate-intensity 
statins (Table S4).

Of 15 576 individuals without statin prescriptions or 
structured statin allergies, 12 873 (83%) had no men-
tion of any statin terms in unstructured clinical notes. 
The remaining 2703 patients formed the deep learning 
NLP data set for model training and validation from un-
structured data (Figure 2).

Manual Annotation
Within the manually annotated subset of the deep 
learning NLP data set (Figure 2), 249 (25%) patients 
were statin users per unstructured data despite no 
structured prescription data. Kappa coefficients for 
overlapping manual review of patients was 0.86 for 
the 103 documents annotated by the first group of 2 
reviewers and 0.76 for the 100 documents annotated 
by the second group of reviewers, indicating good 
concordance.



J Am Heart Assoc. 2023;12:e028120. DOI: 10.1161/JAHA.122.028120� 5

Sarraju et al� Statin Nonuse Reasons in Diabetes

NLP Evaluation
In the held-out test set, the binary Clinical BERT 
model classified statin nonuse with an overall AUC 
of 0.99 (95% CI, 0.98–1.00; Table 2). Among sta-
tin nonusers, the multiclassification Clinical BERT 
model classified reasons for statin nonuse with 
an overall weighted average AUC of 0.90 (95% CI, 
0.85–0.93).

NLP Model Application
After NLP model development and evaluation, the bi-
nary statin nonuse model and the multiclass model for 
reasons for statin nonuse were applied to the full deep 
learning NLP data set (Figure 2). Clinical BERT found 
that 426 (16%) were statin users based on unstruc-
tured data despite no documented statin prescrip-
tions. Among statin nonusers, Clinical BERT identified 

Table 1.  Baseline Characteristics by the Presence or Absence of a Statin Prescription

Characteristic at index date Total (N=33 461)
Statin prescription 
absent (N=15 880)

Statin prescription 
present (N=17 581) P value

Age, y, mean (SD) 59.0 (14.9) 54.6 (16.0) 62.9 (12.5) <0.001

Female 16 540 (49.4) 8279 (52.1) 8261 (47.0) <0.001

Race or ethnicity

Non-Hispanic White 12 127 (36.2) 5536 (34.9) 6591 (37.5) <0.001

Non-Hispanic Black 2751 (8.2) 1365 (8.6) 1386 (7.9)

Hispanic 5027 (15.0) 2711 (17.1) 2316 (13.2)

Non-Hispanic Asian 8067 (24.1) 3528 (22.2) 4539 (25.8)

Other 4026 (12.0) 2017 (12.7) 2009 (11.4)

Diabetes type

Type I 2434 (7.3) 1740 (11.0) 694 (3.9) <0.001

Type II 31 027 (92.7) 14 140 (89.0) 16 887 (96.1)

Body mass index, kg/m2, mean (SD) 31.0 (7.4) 31.0 (7.8) 31.0 (7.0) 0.341

Current smoking 1991 (6.0) 907 (5.7) 1084 (6.2) 0.084

Hemoglobin A1c, %, mean (SD) 7.6 (2.0) 7.7 (2.0) 7.6 (2.0) <0.001

Total cholesterol, mg/dL, mean (SD) 179.9 (44.7) 188.8 (41.2) 173.6 (46.0) <0.001

LDL-cholesterol, mg/dL, mean (SD) 101.7 (36.3) 110.9 (33.3) 95.2 (37.0) <0.001

HDL-cholesterol, mg/dL, mean (SD) 49.3 (15.4) 49.6 (16.2) 49.0 (14.8) 0.027

Creatine kinase level, U/L, mean 
(SD)

133.1 (143.2) 132.5 (152.5) 133.4 (138.5) 0.937

Ezetimibe use 447 (1.3) 126 (0.8) 321 (1.8) <0.001

2-y Charleson Comorbidity Index 
score, mean, (SD)

2.0 (1.8) 1.9 (1.8) 2.1 (1.8) <0.001

Liver disease 2630 (7.9) 1447 (9.1) 1183 (6.7) <0.001

Hospitalizations in prior 1 y, N (%) 1302 (3.9) 718 (4.5) 584 (3.3) <0.001

Provider location

SHC, academic center 10 084 (30.1) 5182 (32.6) 4902 (27.9) <0.001

UHA, community network 22 461 (67.1) 10 032 (63.2) 12 429 (70.7)

ValleyCare, community hospital 779 (2.3) 604 (3.8) 175 (1.0)

Insurance status

Private 12 345 (36.9) 6677 (42.0) 5668 (32.2) <0.001

Medicare 10 561 (31.6) 3965 (25.0) 6596 (37.5)

Medicaid 1683 (5.0) 869 (5.5) 814 (4.6)

Other 5636 (16.8) 2817 (17.7) 2819 (16.0)

Encounter specialty issuing the diabetes diagnosis

Cardiology 3769 (11.3) 1387 (8.7) 2382 (13.5) <0.001

Endocrinology 5526 (16.5) 2847 (17.9) 2679 (15.2)

Primary care 24 166 (72.2) 11 646 (73.3) 12 520 (71.2)

Data are presented as n (%) unless otherwise noted. HDL indicates high-density lipoprotein; LDL, low-density lipoprotein; SHC, Stanford Health Care 
(academic hospital); UHA, University Health Alliance (community practice network); and ValleyCare, ValleyCare Hospital (community hospital).
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the reasons for statin nonuse (Figure 2). Statin hesi-
tancy (19%), guideline-discordant practice (19%), and 
clinical inertia (18%) were more common than statin-
associated side effects/contraindications (12%).

Reasons for statin nonuse also varied by patient 
characteristics including age, race and ethnicity, insur-
ance, and diabetes type (Table 3). In comparison with 
younger individuals, older individuals (>75 years of age) 
were more likely to experience statin-associated side 
effects/contraindications (23.4%) as compared with 
statin hesitancy, clinical inertia, or guideline-discordant 
practice (P<0.05 for comparisons). Hispanic individu-
als were most likely to experience guideline-discordant 

practice (24.7%, P<0.05 for comparisons) versus the 
other reasons (except for nonspecific documenta-
tion), while Black patients were most likely to experi-
ence clinical inertia (24.0%, P<0.05 for comparisons). 
Individuals on Medicaid were most likely to experience 
guideline-discordant practice as compared with the 
other reasons (P<0.05). Those with type 1 diabetes 
were most likely to experience guideline-discordant 
practice (22.0%, P<0.05) as compared with the other 
reasons (except nonspecific documentation). The 
prevalence of statin-associated side effects/contra-
indications was higher in those with type 2 diabetes 
(12.6%) as compared with those with type 1 diabetes 

Figure 1.  Study cohort.
ASCVD indicates atherosclerotic cardiovascular disease; ICD-9, International Classification of Diseases, Ninth Revision; ICD-10, 
International Classification of Diseases, Tenth Revision; NLP, natural language processing; and SHA, Stanford Health Care Alliance 
(consisting of an academic hospital, a community hospital, and a community practice clinic network).
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(8.6%). Excerpts from notes demonstrating the various 
reasons for statin nonuse are outlined in Table 4.

DISCUSSION
In a multiethnic, multisite EHR cohort of patients with 
diabetes, nearly half lacked guideline-directed statin 
prescriptions. A deep learning NLP approach lever-
aged unstructured EHR data to accurately identify 
statin nonuse and potentially actionable reasons for 
statin nonuse, which spanned patient-level (side ef-
fects/contraindications, statin hesitancy), clinician-
level (guideline-discordant practice), and system-level 

(clinical inertia) factors, including differences by race 
and ethnicity.

Although statins conclusively reduce cardiovascular 
events in diabetes, real-world statin utilization remains 
poor despite guideline recommendations, representing 
an important and well-recognized target for population 
interventions.9 Prior work from the American College 
of Cardiology’s PINNACLE (Practice Innovation and 
Clinical Excellence) registry with >200 000 patients with 
diabetes showed significant practice variation regarding 
statin use in patients with diabetes along with poor doc-
umentation of statin prescriptions.17 Our deep learning 
NLP approach to understand statin nonuse may help 

Figure 2.  Development, validation, and application of a deep learning NLP approach (Clinical BERT) to identify statin 
nonuse and reasons for statin nonuse from unstructured data of individuals with diabetes.
BERT indicates Bidirectional Encoder Representations from Transformers; and NLP, natural language processing.

Table 2.  Performance of Deep Learning NLP Models to Characterize Statin Nonuse From Unstructured Clinical Notes

Task Dataset Model Precision Recall F1-score AUC

Binary 
classification of 
statin nonuse

Training: N=800 
documents
Test: N=200 
documents

word2vec+CNN Unable to do better than a constant classifier (labels everything as the majority 
class of the training set)

BaseBERT 0.92 (0.85–0.98) 0.90 (0.82–0.97) 0.91 (0.85–0.96) 0.96 (0.93–1.00)

BioBERT 0.87 (0.77–0.95) 0.90 (0.85–0.93) 0.88 (0.82–0.94) 0.98 (0.96–1.00)

ClinicalBERT 0.92 (0.85–0.99) 0.92 (0.86–0.98) 0.92 (0.87–0.96) 0.99 (0.98–1.00)

Multilabel 
classification of 
reasons for statin 
nonuse

Training: N=600 
documents
Test: N=151 
documents

word2vec+CNN 0.14 (0.11–0.19) 0.38 (0.15–0.44) 0.21 (0.17–0.27) 0.45 (0.40–0.52)

BaseBERT 0.59 (0.51–0.66) 0.60 (0.50–0.69) 0.59 (0.52–0.66) 0.83 (0.79–0.87)

BioBERT 0.66 (0.60–0.73) 0.66 (0.59–0.73) 0.66 (0.59–0.72) 0.87 (0.83–0.91)

ClinicalBERT 0.68 (0.62–0.77) 0.68 (0.61–0.76) 0.68 (0.61–0.76) 0.90 (0.85–0.93)

AUC indicates area under the curve; BERT, Bidirectional Encoder Representations from Transformers; and NLP, natural language processing.
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address these crucial public health gaps and inform 
strategies to bridge them through several implications.

First, our findings clearly demonstrated gaps in 
structured statin prescriptions in patients with dia-
betes. Nearly half of our cohort with diabetes lacked 
guideline-directed statin prescriptions, with disparities 
observed in younger, female, and Black individuals. 
These results add to prior literature demonstrating sta-
tin prescription gaps and disparities in diabetes9 and 
emphasize the need to understand reasons for nonuse 
to ultimately improve guideline adherence in a disease 
that represents a major public health burden.

Second, research and quality improvement efforts 
to understand medication utilization in a health system, 
including for diabetes, often rely on structured EHR 
data. The present findings add to our prior work un-
derscoring the importance of analyzing unstructured 
EHR data to mitigate inaccurate structured medication 
information in studies of diabetes.16 Of patients without 
structured prescriptions, our deep learning NLP ap-
proach found that 16% were statin users who would 
have otherwise been misclassified as nonusers based 
on structured data alone. Multimodal analytic ap-
proaches that use comprehensive EHR data may thus 
improve ways to track, monitor, and improve diabetes 
medication adherence within health systems.

Third, our deep learning NLP approach analyzed 
large volumes of unstructured notes to identify rea-
sons for statin nonuse in diabetes that are potentially 
actionable through evidence-based clinical decision 
support tools, clinician and patient education, and 
systems-level interventions. Statin-associated side 
effects, for instance, may include nocebo effects 
that can respond favorably to re-challenge protocols 
that could be nudged.23 Guideline-discordant prac-
tice patterns, such as deferring statin use based on 
perceived low-density lipoprotein control, may be 
responsive to clinician education or point-of-care 
decision support, and clinical inertia may benefit 
from systemwide interventions to encourage timely 
statin prescriptions.24 Addressing such clinician and 

system-level reasons may help address previously 
observed real-world variation in statin use in patients 
with diabetes.17

Our prior work assessed reasons for statin nonuse 
in patients with ASCVD.16 In the present study, we ob-
served that side effects accounted for a lower percent-
age of the reasons for nonuse (12% with diabetes versus 
33% with ASCVD previously).16 This may be related to a 
younger population with diabetes (especially with type 
1 diabetes) and fewer comorbidities as suggested by 
a lower proportion of participants with hospitalization 
in the preceding year. In addition, clinical inertia ac-
counted for ≈18% of the documented reasons for non-
use in the present study but was not prevalent enough 
to be a separate category in prior work with patients 
with ASCVD. This suggests that systems interventions 
to encourage timely statin prescription and overcome 
clinical inertia may be particularly important in those 
with diabetes. Additionally, pregnancy was cited as a 
reason for statin nonuse in the present study (included 
within the side effects/contraindications group) and 
may contribute to the observed sex-based disparities 
in guideline-directed statin use. This was not seen in 
prior work with patients with ASCVD, potentially be-
cause cohorts with diabetes are more likely to include 
younger patients.16 Identifying such cases may be of 
high contemporary interest given recent changes in 
statin labeling by the US Food and Drug Administration 
and the resulting discussions around whether statins 
remain absolutely or relatively contraindicated in preg-
nant individuals.25 NLP-guided approaches thus offer 
the ability to capture high-volume clinical data to iden-
tify real-world gaps in the use of lifesaving therapies 
across different high-risk cohorts including those with 
diabetes. NLP-guided interventions should be studied 
prospectively to assess effectiveness to improve statin 
utilization.

Fourth, there are well-established disparities in sta-
tin utilization, including in diabetes, by key factors such 
as race and ethnicity, which may link with disparities in 
adverse cardiovascular events.10–15 Our approach may 
help delineate the underlying differences in reasons for 
statin nonuse that could contribute to such disparities. 
For instance, based on their relative representation 
across the various reasons, we observed that Hispanic 
patients experienced guideline-discordance practice 
more frequently versus the other reasons, pointing to 
a potentially actionable clinician-level issue in this data 
set. Such findings may inform targeted interventions 
to address disparities in statin utilization in diabetes 
by tackling structural biases that may explain these 
findings.

Clinical BERT generally demonstrated better per-
formance in comparison with other NLP models. This 
may be related to Clinical BERT being pretrained on a 
data set of clinical notes (MIMIC III) before additional 

Table 4.  Excerpts from Unstructured Data Demonstrating 
Documentation of Reasons for Statin Nonuse

Category Excerpt(s)

Statin-associated side 
effects/contraindications

“…diffuse myalgias developed…”
“…statins are contraindicated in 
pregnancy”

Statin hesitancy “…patient is deferring”
“…continues to express hesitancy…”

Clinical inertia “…plan on discussing…statin at a 
future visit”

Guideline-discordant 
practice

“LDL is borderline… hold off on a 
statin”

Nonspecific “Statin: no”
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re-training in our study. The word2vec-CNN model is 
a nonpretrained model and demonstrated poorer per-
formance. Base BERT is pretrained broadly on human 
language from Wikipedia and BookCorpus rather than 
clinical notes specifically. BioBERT is a model that was 
initialized with base BERT weights and re-trained on 
PubMed abstracts, and thus has broad exposure to 
scientific terminology and performed nearly as well as 
Clinical BERT. Clinical BERT was initialized with base 
BERT weights and pretrained on clinical notes, and 
it may therefore be expected to perform better than 
the above NLP approaches. For the multiclass task of 
Clinical BERT to predict reasons for statin nonuse, we 
chose a one-versus-rest strategy because the various 
classes (reasons for statin nonuse) were relatively well-
balanced in our data set, and accounting for class pro-
portions to obtain a weighted average for each metric 
may help account for any slight imbalances.

Our study has certain limitations. Our Northern 
California–based cohort was multisite and diverse but 
may not be generalizable across the United States, 
given that it included primarily insured patients. 
However, our Clinical BERT models were pretrained on 
external notes from a different health system in Boston, 
Massachusetts, which we fine-tuned at our health 
system in California with favorable performance, thus 
indicating a potentially generalizable pipeline across sys-
tems and populations. Care fragmentation may result in 
missing outside medication data in single health-system 
analyses, but our EHR system reconciles medications 
prescribed outside of our health system and medica-
tions that are self-reported by patients, thus potentially 
mitigating this limitation. We were unable to disaggre-
gate race and ethnicity groups further or include certain 
socioeconomic information such as household income 
because of data limitations. Because of low overall 
documentation, we observed small group sizes when 
separating reasons for statin nonuse by characteristics 
such race and ethnicity as in Table 3, so these findings 
should be considered hypothesis-generating. Muscle 
and nonmuscle side effects were collapsed into a single 
category based on their prevalence. These sizes may 
increase as documentation practices are standardized.

CONCLUSION
In conclusion, in a multiethnic cohort of individuals with 
diabetes, nearly half lacked guideline-directed statin 
prescriptions. A deep learning NLP approach identi-
fied statin nonuse and potentially actionable reasons 
for statin nonuse including key patient, clinician, and 
system factors from unstructured EHRs. Findings may 
help inform targeted interventions to improve real-
world statin utilization in high-risk patients.
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Table S1. RxNorm codes for statin medications 

Medication name RxCUI codes 

Lovastatin 6472 

Pitavastatin 861634 

Fluvastatin 41127 

Rosuvastatin 301542 

Pravastatin 42463 

Atorvastatin 83367 

Simvastatin 36567 
 

Abbreviations: CUI, concept unique identifier 

  



Table S2. Statin term dictionary 

Statin 
Atorvastatin 
Fluvastatin 
Lovastatin 
Pitavastatin 
Pravastatin 
Rosuvastatin 
Simvastatin 
Altocor 
Altoprev 
Crestor 
Juvisync 
Lescol 
Lipitor 
Livalo 
Mevacor 
Pravachol 
Zocor 

  



Table S3. Predictors of statin prescriptions in structured EHR data 

Variables 
Unadjusted Adjusted* 

OR (95% CI) p OR (95% CI) p 
Diabetes Type 
 (Ref:Type II - N=31027) Type I (N = 2434) 0.334 (0.305-

0.366) <0.001 0.714 (0.640-
0.797) <0.001 

Age Group  
(Ref:40-75 - N = 25292) 

>75 (N = 4344) 1.463 (1.368-
1.564) <0.001 1.106 (1.017-

1.204) 0.019 

20-39 (N = 3825) 0.177 (0.162-
0.193) <0.001 0.257 (0.234-

0.283) <0.001 

Sex 
(Ref:Male - N = 16921) Female (N = 16540) 0.814 (0.780-

0.850) <0.001 0.778 (0.740-
0.817) <0.001 

Race  
(Ref:Non-Hispanic White - 
N = 12127) 

Non-Hispanic Asian (N 
= 8067) 

1.081 (1.021-
1.144) 0.008 1.316 (1.237-

1.400) <0.001 

Hispanic (N = 5027) 0.718 (0.672-
0.766) <0.001 0.927 (0.858-

1.002) 0.057 

Other (N = 4026) 0.837 (0.779-
0.898) <0.001 1.074 (0.992-

1.162) 0.077 

Non-Hispanic Black (N 
= 2751) 

0.853 (0.785-
0.927) <0.001 0.802 (0.732-

0.879) <0.001 

Provider Location  
(Ref: UHA - N = 22461) 

SHC (N = 10084) 0.764 (0.728-
0.800) <0.001 0.783 (0.740-

0.830) <0.001 

Valleycare (N = 137) 0.976 (0.697-
1.368) 0.931 0.772 (0.537-

1.110) 0.163 

Insurance status  
(Ref: Private - N = 12345) 

Medicare (N = 10561) 1.960 (1.859-
2.066) <0.001 1.291 (1.209-

1.377) <0.001 

Medicaid (N = 1683) 1.103 (0.997-
1.222) 0.061 1.087 (0.966-

1.224) 0.166 

 

*Adjusted for all characteristics in Table 1 of the primary manuscript. 

  



Table S4. Predictors of high-intensity statin prescriptions in structured EHR data 

Variables 
Unadjusted Adjusted* 

OR (95% CI) p OR (95% CI) p 
Diabetes Type 
 (ref:Type II - N=16617) Type I (N = 674) 0.986 (0.816-

1.192) 0.923 0.858 (0.703-
1.047) 0.131 

Age Group  
(ref:40-75 - N = 13836) 

>75 (N = 2774) 0.689 (0.618-
0.768) <0.001 0.679 (0.599-

0.769) <0.001 

20-39 (N = 681) 0.860 (0.709-
1.043) 0.13 0.842 (0.688-

1.031) 0.096 

Sex 
(Ref:Male - N = 9171) Female (N = 8117) 0.785 (0.730-

0.846) <0.001 0.790 (0.731-
0.855) <0.001 

Race  
(Ref:N on-Hispanic White - 
N = 6479) 

Non-Hispanic Asian (N 
= 4462) 

0.820 (0.745-
0.904) <0.001 0.628 (0.570-

0.693) <0.001 

Hispanic (N = 2278) 1.191 (1.064-
1.333) 0.003 1.015 (0.900-

1.146) 0.805 

Other (N = 1974) 0.994 (0.878-
1.124) 0.95 0.805 (0.711-

0.911) <0.001 

Non-Hispanic Black (N 
= 1374) 

1.310 (1.145-
1.499) <0.001 1.150 (1.002-

1.320) 0.047 

Provider Location  
(Ref: UHA - N = 12267) 

SHC (N = 4478) 1.265 (1.168-
1.370) <0.001 1.244 (1.139-

1.359) <0.001 

Valleycare (N = 74) 0.775 (0.417-
1.441) 0.469 0.761 (0.406-

1.426) 0.395 

Insurance status 
 (Ref: Private - N = 5569) 

Medicare (N = 6481) 0.982 (0.900-
1.073) 0.703 0.966 (0.876-

1.065) 0.488 

Medicaid (N = 792) 1.387 (1.171-
1.643) <0.001 1.182 (0.986-

1.417) 0.071 

 

*Adjusted for all characteristics in Table 1 of the primary manuscript. 
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