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ARTICLE INFO ABSTRACT

Keywords: Objective: To determine whether natural language processing (NLP) of unstructured medical text can improve

Clinical decision support identification of ASCVD patients not using high-intensity statin therapy (HIST) due to statin-associated side effects

Natural language processing (SASEs) and other reasons.

E;;?:ji;ifr?:;igjapy Methods: Reviewers annotated reasons for not prescribing HIST in notes of 1152 randomly selected patients from

Cholesterol management across the VA healthcare system treated for ASCVD but not receiving HIST. Developers used reviewer annotations
to train the Canary NLP tool to detect and extract notes containing one or more of these reasons. Negative

Statins
Cardiovascular disease predictive value (NPV), sensitivity, specificity and Area Under the Curve (AUC) were used to assess accuracy at
Atherosclerosis detecting documents containing reasons when using structured data, NLP-extracted unstructured data, or both

Clinical inertia
Side effects

data sources combined.

Results: At least one documented reason for not prescribing HIST occurred in 47% of notes. The most frequent
reasons were SASEs (41%) and general intolerance (20%). When identifying notes containing any documented
reason for not using HIST, adding NLP-extracted, unstructured data significantly (p<0.05) increased sensitivity
(0.69 (95% confidence interval [CI] 0.60-0.76) to 0.89 (95% CI 0.81-0.93)), NPV (0.90 (95% CI 0.87 to 0.93) to
0.96 (95% CI 0.93-0.98)), and AUC (0.84 (95% confidence interval [CI] 0.81-0.88) to 0.91 (95% CI 0.90-0.93))
compared to structured data alone.

Conclusions: NLP extraction of data from unstructured text can improve identification of reasons for patients not
being on HIST over structured data alone. The additional information provided through NLP of unstructured free
text should help in tailoring and implementing system-level interventions to improve HIST use in patients with
ASCVD.

Statin therapy, especially high-intensity statin therapy (HIST), signif-
icantly reduces all-cause mortality and the incidence of recurrent cardio-
vascular events in high-risk patients, particularly those with established
atherosclerotic cardiovascular disease (ASCVD) [1-3]. Based on multi-
ple randomized clinical trials demonstrating a direct relationship be-
tween the magnitude of low-density lipoprotein (LDL-C) reduction and
improvement in recurrent ASCVD events, [2, 4-6] the 2018 American
Heart Association/ American College of Cardiology (AHA/ACC) multi-

society cholesterol guideline strongly recommends treatment of patients
with ASCVD with HIST as a Class I recommendation [7].

While treatment guidelines continue to recommend HIST in patients
with ASCVD, [8,9] statin utilization and, especially, HIST use continues
to lag despite their clear benefits in high-risk patients including those
with ASCVD [8-17]. Although statin associated side effects (SASEs), of-
ten denoted as intolerance and commonly related to myalgia, may ac-
count for a substantial proportion of this treatment gap, studies have
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also shown clinical inertia (failure to initiate or intensify therapy when
clinically indicated) as another important reason [18,19]. It is impor-
tant to identify ways to efficiently understand these reasons so specific
interventions could then be designed to address each of these gaps.
Some electronic health record (EHR) systems, like that of the De-
partment of Veterans Affairs (VA), provide data regarding medication
adverse events in structured form. However, such events are commonly
entered only as unstructured free text in clinical notes [20]. In a pre-
vious report, we demonstrated that structured data alone can be used
to detect SASEs in patients with ASCVD receiving care in the VA health
care system with a sensitivity and negative predictive value (NPV) of
63.4% and 85.3%, respectively, compared to manual chart review by
human annotators [21]. Although NPV was within an acceptable range
for precisely identifying patients without SASEs, the lower sensitivity
indicated that over a third of patients with SASEs could be missed using
structured data alone. Review and extraction of SASEs from free text
entered in the EHR by clinicians, if made practical, might improve sen-
sitivity. Given the volume of unstructured text, manual note review for
detecting SASEs and tailoring the information delivered to clinicians is
not feasible, but natural language processing (NLP) can automate note
review, SASE identification, and system throughput [20,22-24]. Here we
describe the augmentation of the Canary NLP tool to identify the SASE-
containing notes of patients with ASCVD treated within the VA health-
care system [20, 22-24]. We test the performance of the tool before
and after adaptation for use on ASCVD patient notes generated within
the VA, and we describe the process of adapting this tool for use. Fur-
thermore, we assessed whether the tool adds information beyond that
provided by identification of SASEs using structured data alone.

1. Methods
1.1. Study design and patient cohort

We sought to develop an accurate NLP-based tool that would ana-
lyze unstructured text and determine if that text contained one or more
documented reasons for not placing a patient with ASCVD on guideline-
concordant statin therapy. To accomplish this, we first defined ASCVD
patients based on the presence of any ICD-9 code for ischemic heart
disease, ischemic cerebrovascular disease, or peripheral artery disease
within the patient’s record. The methodology for the ascertainment of
ASCVD is described in detail in our prior studies and showed a positive
predictive value of 95% for the identification of ASCVD patients using
our methodology compared with manual chart review [21]. Given our
aim to identify the presence or absence of one or more reasons, such
as SASEs, for non-guideline concordant statin use in ASCVD patients
(i.e. ASCVD patients not on HIST), we restricted the cohort to patients
with ASCVD either not on a statin or being treated with low to moder-
ate intensity therapy. In view of our eventual goal of creating a clinical
decision support tool to assist clinicians in the outpatient setting to op-
timizing statin intensity to the highest dose in patients with ASCVD as
recommended by the cholesterol guidelines, we further restricted our
study to veterans with one or more outpatient encounters in a VA clinic
between October 1, 2014 and September 30, 2015. We then randomly
selected 1152 of these patients for inclusion in our study. Previous work
has shown that the number of notes needed to train an NLP system is
dependent on both the variation in phrases used to express a particular
concept, like SASE, and the prevalence of the concept in notes. Based
on a preliminary review of SASE documentation in our cohort, we es-
timated that 1152 patients would provide a representative and suffi-
cient number of notes for developing our NLP system and statistically
testing its accuracy. To ensure that our NLP system training accounts
for both absolute and relative intolerance to statin therapy, our sample
included 50% of the patients not on any statin therapy, 25% on low-
intensity statin therapy, and 25% of the patients on moderate-intensity
statin therapy.
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Fig. 1. Flow diagram used to identify dates for selecting notes more likely to
include a rationale for statin therapy guideline non-adherence (AST - aspartate
transaminase; ALT — alanine transaminase; CK creatine kinase.

1.2. Anchor date based note selection

The Corporate Data Warehouse (CDW) of the Veterans Health Ad-
ministration was the source for all notes used in this study. Due to con-
cern regarding the potentially low prevalence of notes documenting a
reason for prescribing a suboptimal statin intensity, we developed an
algorithm to increase that prevalence within the corpus to ensure there
would be sufficient notes for developing, training, and testing the NLP
tool. Using available patient data, the algorithm proceeded through an
ordered, sequential set of criteria to identify an “anchor date,” defined as
the most likely date for documentation of a reason for suboptimal statin
therapy (Fig. 1). Because of the presumption that reasons for changing
statin dosage were more likely to be documented around the anchoring
event, we used a one-year window from 9 months prior to 3 months
after the anchor date for note selection.
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1.3. Study sample

We restricted the corpus to notes corresponding to the 1152 patients
mentioned in the previous “Study Design and Patient Cohort” subsection
and written by clinicians likely to document reasons for non-adherence
to statin therapy guidelines, including physicians, nurse practitioners,
physician assistants, and pharmacists working in primary care or cardi-
ology clinics. The average number of notes per patient was 79, and we
randomly selected a single note from each set of patient notes. We ran-
domly divided the resulting corpus of 1152 notes into 3 batches of 57
notes for training of annotators and 9 batches of 128 notes for NLP sys-
tem development. Patients within each batch were stratified to include
those not on a statin (50%), those on low intensity therapy (25%), and
those on moderate intensity therapy (25%).

To ensure that notes used for developing and testing the system con-
tained a wide range of phrases that might be used to express the con-
cepts of interest (such as SASEs), each note in the corpus was selected
from a distinct patient. To enhance the inclusion of gender and ethnicity
specific language as a part of the NLP model development process and
to improve the representativeness and external validity of our findings,
we oversampled notes from female and African-American patients (un-
derrepresented among VA population) to ensure that each development
and testing batch had 25% female and 25% African-American patients.

1.4. Structured data for SASE identification

The adverse drug event reporting system (VA ADERS) within the VA
is a robust source for post-marketing drug surveillance, and VA health-
care providers can enter adverse drug events (ADRs) into the system
on a voluntary basis [25]. This information is deposited in a central
repository (ADR files), and these files served as the source of the struc-
tured data used in our study. Inclusion of any of 7 commonly used statin
medications (simvastatin, lovastatin, rosuvastatin, atorvastatin, pravas-
tatin, fluvastatin, and pitavastatin) within the ADR files associated with
a given patient was accepted as confirmatory evidence for the presence
of one or more SASEs within that patient.

1.5. Annotation schema development

The annotation schema defined and provided examples of specific
concepts of interest for reviewers to identify SASEs within the clini-
cal, unstructured text notes. The goal was to use the concept-related
phrases captured by the reviewers to evaluate NLP tool accuracy and to
identify approaches for optimizing concept recognition performance. To
develop the schema, clinical experts and the annotation team first de-
lineated specific concepts that might be used to document why a patient
was not on HIST. The annotation team then annotated small subsets of
20-30 trial notes for the various concepts, and the entire group then
reviewed the annotations for further schema refinement. This contin-
ued iteratively until no further changes to the schema were indicated.
Concepts of interest corresponded to sequences of tokens in the text,
and we defined tokens as strings of characters corresponding to mini-
mal elements of meaning such as words, numbers, and units of measure.
The schema included four broad, mention level concepts, including ref-
erences to 1) statins and other lipid-lowering pharmaceutical agents,
2) symptoms associated with statin use (subdivided into musculoskele-
tal, gastrointestinal, neurocognitive, hepatobiliary, allergic, cutaneous,
and those associated with other organ systems) and general intolerance
(presence of symptoms but no further specification of symptom or or-
gan system), 3) patient refusal, and 4) perception of a lack of statin
efficacy. Reviewers also assigned assertion status (positive or negative)
to all annotated concepts. Once reviewers completed annotating men-
tion level concepts, they annotated the note at the document level to
indicate whether the note contained any reason (i.e., positive assertion
of symptom associated with statin use, patient refusal, or lack of statin
efficacy) for a patient not taking a high-intensity statin.
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1.6. Annotation of unstructured notes

For annotation purposes, two nurse annotators sequentially reviewed
batches of 57 notes. Training was stopped once inter-annotator agree-
ment (IAA) exceeded 0.80, which occurred after the third batch. Anno-
tator agreement at the document level was evaluated based on Cohen’s
Kappa [26]. Both annotators then reviewed the same 9 batches of 128
notes (1152 notes total), and a third reviewer compared the two sets of
annotated notes and adjudicated any disagreements. This adjudicated
note set constituted the reference standard for training the NLP tool and
testing its performance. IAA at the concept level was defined as the F1-
measure between the mention level annotations of two reviewers with
the annotations of one reviewer serving as a reference. F1-measure is
used as the IAA metric at the concept level because, unlike patient level
assessments, true negatives (TNs) used in calculating Cohen’s Kappa are
not present in that analytic frame.

1.7. NLP tool development

We generated the NLP system for SASE extraction for analysis of
VA clinical notes by adapting an existing NLP model, which was origi-
nally developed for identifying SASEs in provider notes from Mass Gen-
eral Brigham using a publicly available NLP platform, Canary [23,24].
Users of Canary can configure the platform to identify concepts in the
text by first defining the grouping of words within “word classes”, which
are user-generated categories of words with similar semantic meaning.
Users can then craft grammatical rules known as “phrase structures” or-
ganized into sequential levels or “tiers”, which enables Canary to synthe-
size higher-level concepts based on the recursive combination of lower-
level word classes and phrase structures. The parallel processing pro-
vided by the Canary tool can support a throughput of 10.4 MB of text per
minute, which equates to 1651 notes per minute based on the average
note size of our test corpus of 6.3 kB [23]. Because sentence boundaries
found in clinical notes are often ill defined, which can interfere with
concept detection and reduce performance of NLP systems that rely on
accurate boundary delineation, we identified sentence boundaries using
the RapTAT NLP tool that had been previously optimized for sentence
detection in VA notes [27]. RapTAT removed line wrapping and de-
lineated sentence boundaries as a pre-processing step prior to concept
detection by the Canary-based NLP tool.

Using an iterative development process (Fig. 2, Left), we gradually
modified the rules of the original Canary model to adapt to the VA sys-
tem, employing cycles of system performance testing on batches of 128
notes randomly selected from the full note corpus, which was followed
by root error analysis of false positive (FP) and false negative (FN) er-
rors at the mention level and any modifications to Canary word classes
or phrase structures indicated by that analysis. After iterating through 5
note batches (n = 640), we detected no further increases in performance.
We refer to those first 5 batches as the development set. The remaining
4 batches (n = 512) constituted the testing set (Fig. 2, Right), which
was used to assess final tool performance.

1.8. Error evaluation

We evaluated system errors at two levels of granularity. The most
granular level was based on the agreement between concept mentions
identified by the NLP system and those identified by the reference stan-
dard from human annotation, which allowed us to measure tool per-
formance when optimizing the tool to detect the specific phrases cor-
responding to concepts outlined in the annotation schema. At this level
of granularity, we defined a true positive (TP) as a concept mention
detected by the tool that overlapped any of the characters of a phrase
contained in the reference standard from human annotation and corre-
sponding to the same concept. FPs were phrases detected by the tool
but not found in the reference standard, and FNs were phrases in the
reference standard but undetected by the tool.
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Development Testing Fig. 2. Flow diagram demonstrating the process
used to develop the NLP system (left) responsible
for identifying reasons for VA atherosclerotic car-
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Because we plan to use our tool to generate clinical decision support
for improving statin therapy use in ASCVD patients, and because we
will base those guidelines on whether there are documented reasons for
not using HIST, our primary focus was performance at the less granular
patient level. Because all notes used in our study were from distinct pa-
tients, performance at the patient level on the unstructured data alone
was equivalent to that at the notes level. When assessing system perfor-
mance based on unstructured data alone, the number of true positive
patients equaled the number of notes for which both the annotated ref-
erence standard and the NLP-based analysis indicated the presence of at
least one positive assertion of a reason for lack of HIST use. The number
of true negative patients corresponded to the number of notes for which
neither the NLP tool nor the annotated reference standard identified any
reason for lack of HIST use. We also assessed system performance at the
patient level when using only structured data or both unstructured and
structured combined. When assessing system performance using struc-
tured data alone, finding that a SASE had been recorded in the ADR file
of a patient was accepted as ground truth, and all patients identified as
having a history of SASEs based on structured data alone were accepted
as TPs. When assessing system performance based on evaluation of both
structured and unstructured data from a patient, we considered a finding
of statin refusal or perceived lack of efficacy in the unstructured data or
an SASE in either dataset as positive evidence of a reason for not using
HIST in that patient (Fig. 2, right).

1.9. System performance analysis

Measures used to assess NLP performance with respect to identifying
specific mentions of SASEs, patient refusal, and lack of statin efficacy in
the text at an individual concept level included positive-predictive value
(PPV; equivalent to precision), sensitivity (equivalent to recall), and F1-
measure (harmonic mean of PPV and sensitivity) for mentions within all

Reason(s) for
Not on HIST

NLP-processed notes. Measures used to assess system performance at the
patient level included specificity, NPV, PPV, sensitivity and AUC. For the
patient assessments, the area under the receiver-operating characteristic
(ROC) curve (AUC) was calculated from the true and false positive rates
(TPR and FPR, respectively) for each system evaluated, where TPR was
the ratio of TPs to the sum of TPs and FNs (i.e., positive findings of
any reason for not being on HIST in the reference set), and FPR was
the ratio of FPs to the sum of TNs and FPs (i.e., negative findings in
the reference set). When a single point defines the ROC curve as in this
study, it can be shown that the AUC is equivalent to (1+TPR-FPR)/2.
We used McNemar’s test to assess statistical significance (p<0.05) of
the differences in patient level performance when using different data
types (structured, unstructured, and both types combined) to detect the
presence or absence of reasons for not adhering to statin guidelines.
Bootstrap analysis generated 95% confidence intervals for performance
values.

2. Results

The annotators identified one or more reasons for not using the indi-
cated statin therapy in 543 (47.1%) of the 1152 reviewed notes. There
was substantial variation in the nature of the reason and the way it was
documented, and many notes contained more than one reason. A total
of 115 notes documented statin-associated musculoskeletal side effects,
109 documented general statin intolerance, 107 provided evidence of
SASEs experienced in non-musculoskeletal organ systems, 49 indicated
patient refusal to take statins in the absence of SASEs, 14 suggested lack
of statin efficacy in the patient, and 207 of the notes documented the
general presence of SASEs in the patient by including one or more statins
in a list of medications placed under the heading of “adverse effects” or
“allergies.”
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Table 1

Inter-annotator agreement for mentions of statins, patient refusal of a statin
medication, and statin-associated side effects within the 512-note evaluation
set.

Concept Agreements Disagreements F1

Statin Mention 373 76 0.91

Statin-Associated Side Effect 399 19 0.91

Statin Refusal 48 19 0.83

Perceived Lack of Efficacy 10 29 0.41

Totals 830 202 0.89
Table 2

Confusion matrix comparing the two annotators, A1 and A2, with respect to
detection of the presence (+) or absence (-) of explicit justification for patients
not being on guideline-concordant statin therapy within the evaluation set of
512 notes.

Al Totals
+ -
A2 + 165 21 186
- 4 322 326
Totals 169 343 512

To calibrate NLP system performance relative to that of the review-
ers, we assessed agreement between the annotators specifically within
the note set used for final NLP system testing (Table 1). Mention level
IAA measured over all 4 concepts and calculated based on F1 was 0.89
(Table 1; last row), ranging from a low of 0.41 for mentions implying
possible lack of statin efficacy to a high of 0.91 for mentions of medi-
cations in the statin drug class and SASEs. The Cohen’s Kappa of 0.89
indicated a high level of IAA at the note level, which was the agreement
between annotators when assessing whether a given note contained any
reason for a clinician not prescribing HIST (Table 2).

When the original, unmodified Canary NLP model was run on the
first development set of 128 notes, PPV, sensitivity and AUC with re-
gard to detecting notes with one or more reasons for not adhering to
statin guidelines were 0.82, 0.17, and 0.28, respectively. The low sen-
sitivity was due to the tool missing concept level mentions of reasons
for SASE-based and other reasons noted by the annotators. There were
102 reasons documented in the first batch of notes in the development
set, including 78 SASEs, 19 patient refusals, and 1 lack of perceived
efficacy; 4 were uncategorized (e.g., anticipated liver transplant). The
original Canary model detected 14 of the reasons, all of which were
SASEs. Failure analyses revealed that undetected reasons arose from
three sources. The first was that the Canary tool often split text on non-
sentence boundaries. Because we used and optimized the RapTAT NLP
system for detection of sentence boundaries specifically in notes from
the VA EHR [27], we decided to pre-process each note and explicitly de-
lineate sentences using RapTAT before further Canary processing. Other
errors were associated with the inability of the existing Canary model
to identify phrases that may be particular to VA providers when doc-
umenting SASEs. Lastly, the original Canary model was not designed
to capture two of the reasons for not prescribing statins, patient refusal
and perceived lack of efficacy. We addressed these last two error sources
by augmenting the original Canary model with additional word classes,
reducing the number of “phrase structures” in the Canary model from
1246 to 103 and increasing the number of “tiers” from 3 to 8.

Once iterative error analysis and model modifications led to no fur-
ther improvements in NLP system performance when detecting reasons
for not prescribing high intensity statins, we tested the system on 4, ran-
domly selected note batches (i.e., notes from 512 distinct patients) with
respect to its ability to detect the presence or absence of at least one
reason (i.e., SASE, refusal, or lack of efficacy) for a patient not being on
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HIST (Fig. 2, Right). Within these notes, there were 132 notes contain-
ing one or more reasons for an ASCVD patient not being on HIST. Using
structured data alone, we detected only 91 of these patients for a sensi-
tivity of 0.69 (Table 3, Column 1). The original Canary model detected
just 47 of the patients (Table 3, Column 2), but iterative model modifi-
cations improved detection to 108 patients (Table 3, Column 3). Com-
bining unique patients identified using structured data with those iden-
tified using the optimized Canary model detected the highest number of
patients, 117 (Table 3, Column 4), which corresponded to a significant
increase in sensitivity over structured data alone, from 0.69 to 0.89.
NPV also increased from 0.90 to 0.96 as the number of false negatives
decreased from 41 for structured data alone to 15 when structured and
unstructured data were combined. Any SASEs found within the struc-
tured data were accepted as representative of truth, and, accordingly,
PPV and specificity were 1.00 for such data. The incorrect identifica-
tion of 22 patients as having a rationale for not being on high-intensity
statins (false positives) by the use of unstructured data provided by the
optimized NLP system corresponded to a significant reduction in PPV
and specificity to 0.84 and 0.94, respectively. The highest AUC, which
accounts for both sensitivity and specificity, was 0.91, was achieved by
combining both structured and unstructured data in the assessment and
was significantly higher than the AUC of 0.84 for structured data alone.

System performance varied depending on the intensity of statin
therapy (Supplemental Table 1). In the low-intensity statin therapy
group, combining structured and unstructured data increased AUC only
slightly, from 0.77 to 0.79. In this particular group, the improvement in
sensitivity afforded by the inclusion of unstructured data was partially
offset by a larger decrease in PPV than observed in the other statin in-
tensity groups. In patients not on statins or on moderate-intensity statin
therapy, adding unstructured to the structured data increased AUC from
0.83 to 0.89 and from 0.82 to 0.87, respectively.

3. Discussion

Despite the demonstrated benefit of HIST on reducing recurrent car-
diovascular event risk and mortality in ASCVD patients, many such pa-
tients are treated at doses below those indicated based on current treat-
ment guidelines. Identifying the barriers hindering the use of optimal
statin doses could help ascertain the type of information and assistance
needed by clinicians to improve guideline-concordant statin use in high-
risk patients with ASCVD. The results of the present study demonstrate
that NLP can improve detection clinical notes containing documented
reasons that might account for a less than optimal statin dose, includ-
ing SASE, patient refusal, and perceived lack of drug efficacy (Central
Illustration). Additionally, there were benefits to using NLP-based anal-
ysis of unstructured data in combination with structured data. Adding
NLP-based analysis increased both the sensitivity for detecting patients
for which there are documented reasons for not using HIST from 0.69 to
0.89 and the AUC from 0.84 to 0.91 (Table 3) over the use of structured
data alone.

The VA EHR, like many others, allows for entry of structured el-
ements when documenting patient-specific adverse events associated
with particular drugs or other therapeutic interventions, but many clin-
icians choose to only use free text when entering these events. Although
reasons for this are not known, those could include lack of time, clin-
ician’s belief that these are not true side effects or adverse events and
clinician aversion to entering these in the structured datasets as aller-
gies. Although we did not attempt to determine why a clinician might
choose not to create a structured entry, EHR design can influence struc-
tured data entry by influencing the effort taken to enter a drug-related
adverse event [20]. Another potential contributing factor is the limited
expressivity inherent in structured entries [28], which may prevent in-
clusion of contextual information and exclude entry of other factors con-
tributing to patient not being on HIST. Using only structured data could
therefore lead to an incomplete determination of the factors contribut-
ing to guideline non-adherence, which could interfere with providing



G.T. Gobbel, M.E. Matheny, R.R. Reeves et al. American Journal of Preventive Cardiology 9 (2022) 100300

clinicians with information most useful in overcoming the true, patient-
g specific barriers to HIST. Based on the sensitivity for detection of statin-
g related adverse events (Table 3), our current results suggest that using
By unstructured data alone may also miss approximately one -third (31%)
% % a of the adverse events and other reasons for lack of HIST use. In our
E 3 3 analyses, structured data helped identify clinical anchors around which
® 2 i 59598 we pulled the notes for processing by our NLP algorithm. Therefore,
- z § % S % % § an informatics-based approach leveraging both structured and unstruc-
5§ % & § 8RR tured data seems to be the most effective strategy in identifying why
g g :g E s :QF % % patients with ASCVD are not on guideline concordant statin therapy.
2| B §~ NaB8n 2 S 223 Our results are important in several ways. First, these results demon-
§ A R strate that we can very accurately identify the proportion of patients
g g with ASCVD whose clinical records contain documented justification for
k] = not prescribing guideline-concordant statin therapy. Our results show
z g that thfl:l ov:rall ytileld of idertl)tififling patien(tls wi(;h documente(;i justiﬁca-
B o tion is highest when using both structured and unstructured data. Im-
§ g plementation of these results at the level of a facility or a health care
~§ é system could identify what proportion of ASCVD patients are not on
g § guideline-concordant statin therapy due to reasons documented in the
S|lxa ° clinical record versus no documented reasons. Lack of documented rea-
E 8 3 '% sons in such cases could indicate presence of clinical inertia (i.e. failure
E g i o © to initiate or intensify therapy when clinically indicated).
g : § 5 $ ;ﬁ ;“: a 5 Even with detailed clinical note review by experienced annotators,
g %’: % i X i E E documented reasons for ASCVD patients not being on HIST could only
“é g2 [9\; E % % ;i % be ascertained in ~47% of those patients. Although failure to document
% 2 g . 2 V3233 E reasons for a patient not being on HIST could partially explain this, our
g |PT|"N®NSe s S ] results also show that clinical inertia does play a significant role in low
£ & use of HIST among patients with ASCVD.
E E We have recently initiated a clustered clinical trial that will use the
it '% NLP system described herein in a subset of VA medical care centers
& . & with a goal of improving HIST prescribing among patients with ASCVD.
z TE g In this trial, once clinical inertia or the reason for lack of HIST use is
E % 'g identified by the NLP system, appropriate informatics supported tools
< A are being deployed in the EHR to provide point-of-care cognitive sup-
§ | > % % port to clinicians to address each of the reasons associated with a lack
§ § § = § of guideline- concordant HIST use in ASCVD patients. By leveraging un-
E g s SN § £ structured data from clinician text notes, our analyses also show that
E 9 § E.F N 3 g \élj ) this tool can also identify patient refusal to statin therapy in the ab-
&|2§ ] li} ‘té S 8|2 S sence of SASEs, which was identified in 49 patients. This is important
e g £ S’ ot S‘ S % g & when clinicians, facilities, and health care systems are evaluating their
E E g 5.8 s a s 2 3 S| 8 g performance against national benchmarks.
& seEes & & Optimizing performance of NLP systems commonly requires creating
5 8 & language models carefully molded to the targeted environment and use
& % T case, which can limit generalizability of such systems to other healthcare
g 2 5 systems and tasks. The NLP tool used in our study, Canary, had been pre-
3 g v viously developed and used for detection of statin-related adverse events
g S = [22]. Given the similarity of that task to our own and that both tasks
; E i involved similar note types (progress notes) and environments (large
= g § % medical centers), we were hopeful that adapting it for VA notes would
'Fs g S58533 E ;g require only minimal changes. When the previous Canary-based NLP
- 8 S $ 2 gf $ § s model was used on VA notes to detect potential causes of statin guideline
_:; g é 8 % Q'g 3 E % non-adherence, limited sensitivity at the phrase (0.17) and patient (0.36;
g g E S’ E’ S« E« é 20 Table 3) levels indicated that attaining adequate performance would
g Elgo8x%2522|8 ZI require changes to both the tool and model. Because VA notes 1) can
jE’: @ Z originate from over 130 different medical facilities, each with their own
s 5 z institutional note titles, and 2) may contain facility-specific text auto-
?g 5 % matically inserted for documentation purposes, they likely have greater
2 = > structural and language variations than notes from a single institution
B gt such as the one where the tool was originally developed. Generalizing
LS
% f = NLP systems across use cases and institutions is often challenging, and
= " @ ;’ :f our results indicate that even seemingly minor differences in domain or
£ $ g E E E 2 use case can have a substantial impact on performance of a previously
=z g ) % §’ g’ E '§ developed NLP system. Our results highlight the need to first adapt each
< % S g = E 3‘5 ET SO :‘§ n NLP tool to a health care system before its system wide implementation
‘—E & ESET3&LE 2 é E for quality assessment and quality improvement. Given the consider-

able inter-institutional variation in the language and forms used to doc-
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ument VA patient encounters, we anticipate that the additional Canary
NLP system development effected through this study should improve its
generalizability and performance when used in other health care orga-
nizations. However, optimal performance would likely require further
refinement with respect to Canary word classes and phrase structure
definition and sentence boundary detection.

When encouraging providers to change from a current therapy plan,
tailored guidance would likely have the greatest impact because the op-
timal therapeutic options may vary depending on the barrier to guide-
line adherence. For example, clinical inertia would best be addressed by
providing different forms of cognitive assistance than those used when
helping to circumvent particular SASEs. For the former, identifying AS-
CVD patients not on guideline-concordant doses of statin therapy, bene-
fits of high-intensity statin therapy, and what constitutes various inten-
sities of statin therapy would suffice. On the other hand, management of
patients with SASE may require cognitive support for clinicians on how
to discuss risk-benefits of statin therapy in such patients and treatment
algorithms geared towards maximizing the tolerated dose of statin ther-
apy followed by the use of non-statin lipid lowering therapies shown to
be of benefit in clinical trials. Given the much greater speed of analysis
by NLP compared to manual review together with the high NPV (0.94;
Table 3) of the system when structured and unstructured data are com-
bined, automatic provisioning of appropriate cognitive assistance tools,
such as providing reminders of ASCVD patients not on high-intensity
statins and guided decision trees in modifying statin therapy given the
underlying barrier, should be possible. Preliminary testing suggests that
the system can be engineered to handle even the daily stream of docu-
ments produced in a large healthcare system like the VA. Initial analyses
indicate a rate of 50 thousand documents per day running as a single
process using modest computational resources (4-core virtual CPU with
6 GB of random-access memory). With parallelization, the Canary NLP
system can reportedly process over 2 million documents of the size used
in our study [23].

One of the limitations of using NLP and unstructured data noted
in our analyses is that it can reduce PPV and specificity relative to
data entered in structured form or extracted through manual review.
One contributing factor to this reduction is that we assume these data
sources are correct and that PPV and specificity are perfect (Table 3)
even though inaccuracies in structured and manually extracted data do
occur. Also contributing are the ambiguities introduced into unstruc-
tured text through use of non-standard and highly variable acronyms
and abbreviations and syntactic constructs implemented to efficiently
document clinical conditions and treatments of patients. Such ambigui-
ties can be difficult to resolve consistently even with manual review, so
measures to improve sensitivity using NLP have to be carefully weighed
against potential reductions in precision. When using this system for
clinical decision support, we will reduce the reliance on precision with
respect to identifying specific reasons (e.g., musculoskeletal versus hep-
atobiliary dysfunction) for lack of HIST use and instead only assess pres-
ence or absence of any documented reason for not being on guideline-
concordant statin therapy. Our testing of final NLP system performance
was at the patient note and not the concept mention level, but further
refinements of the Canary model and addition of alternative NLP ap-
proaches could make it possible to identify specific reasons for non-
adherence and where these are expressed in clinical text. Such a capa-
bility would allow for the system to reveal the exact SASEs and other
factors that may impact statin therapy and show how these factors are
documented in the historical record.

Data obtained through NLP regarding statin therapy of ASCVD pa-
tients can augment that found in structured form. When searching for
documented reasons for not treating a patient in accordance with treat-
ment guidelines, combining structured with unstructured data can sig-
nificantly improve sensitivity and NPV over the use of structured data
alone while continuing to maintain high specificity and an acceptable
level of precision. The additional information provided through NLP of
unstructured free text should help in tailoring and implementing system-
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level interventions to improve HIST use due to SASEs or clinical inertia
in patients with ASCVD
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