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Background: Manual chart review is labor-intensive and requires specialized knowledge possessed by highly trainedmedical
professionals. Natural language processing (NLP) tools are distinctive in their ability to extract critical information from raw text
in electronic health records (EHRs). As a proof of concept for the potential application of this technology, weexamined the ability
of NLP to correctly identify common elements described by surgeons in operative notes for total hip arthroplasty (THA).

Methods: We evaluated primary THAs that had been performed at a single academic institution from 2000 to 2015. A
training sample of operative reports was randomly selected to develop prototype NLP algorithms, and additional operative
reports were randomly selected as the test sample. Three separate algorithms were created with rules aimed at capturing (1)
the operative approach, (2) the fixation method, and (3) the bearing surface category. The algorithms were applied to operative
notes to evaluate the language used by 29 different surgeons at our center andwere applied to EHR data fromoutside facilities
to determine external validity. Accuracy statistics were calculated with use of manual chart review as the gold standard.

Results: The operative approach algorithm demonstrated an accuracy of 99.2% (95% confidence interval [CI], 97.1% to
99.9%). The fixation technique algorithm demonstrated an accuracy of 90.7% (95% CI, 86.8% to 93.8%). The bearing
surface algorithm demonstrated an accuracy of 95.8% (95% CI, 92.7% to 97.8%). Additionally, the NLP algorithms applied
to operative reports from other institutions yielded comparable performance, demonstrating external validity.

Conclusions: NLP-enabled algorithms are a promising alternative to the current gold standard of manual chart review for
identifying common data elements from orthopaedic operative notes. The present study provides a proof of concept for
use of NLP techniques in clinical research studies and registry-development endeavors to reliably extract data of interest
in an expeditious and cost-effective manner.

T
otal hip arthroplasty (THA) is one of the most common
inpatient surgical procedures. Over 500,000 THA and
hip hemiarthroplasty procedures are performed each year

in the United States, and approximately 2.5 million Americans
are currently living with THA implants1. Growing demand for
improved mobility and quality of life is expected to result in
further increases in THA procedures in the coming decades2.

Lack of high-quality, real-world data is a critical barrier
to THA research, policy, and surveillance efforts. In the absence

of detailed information, quality-improvement efforts are often
restricted to imperfect superficial administrative data for THA
classification and risk-stratification3,4. Furthermore, delays in
data availability make it virtually impossible to perform real-
time surveillance of THA implants and outcomes.

THA-specific data elements remain embedded in the
unstructured text of electronic health records (EHRs). Manual
collection of this information from charts is labor-intensive
and requires specialized knowledge possessed by highly trained
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medical professionals. The cost and infrastructure challenges
required to implement manual data collection are prohibitive
for many hospitals and research teams. Therefore, detailed
THA data are limited to a handful of institutions with the
resources to implement labor-intensive manual data collection.

Natural language processing (NLP) methods offer an
opportunity to efficiently extract THA-specific data elements
from the unstructured text of EHRs, and they are increasingly
used in research5. In partnership with trained orthopaedic
surgeons and informatics specialists, we therefore developed a
series of NLP-based algorithms for ascertainment of 3 common
THA-specific data elements from operative notes: operative
approach, fixation technique, and bearing surface. The purpose
of the present study was to evaluate the accuracy of THA-specific
NLP algorithms and to compare their accuracy against the gold
standard of manual chart review by trained registry specialists.

Materials and Methods
Study Setting

Following institutional review board approval, we evaluated
all primary THA procedures that had been performed at a

single academic institution between 2000 and 2015. The
institution had an annual volume of 800 to 1,300 primary
THAs performed by 35 orthopaedic surgeons during that time
period. As part of the Mayo Total Joint Registry, data collection
was performed through manual chart review by trained joint

registry personnel with use of standardized definitions for
THA-specific data elements, yielding readily available gold-
standard data for validation.

Study Design
We focused on 3 THA-specific data elements recorded in
operative notes: (1) operative approach, (2) fixation technique,
and (3) bearing surface. Within the large cohort of all primary
THA procedures between 2000 and 2015, we identified training
and test data sets using stratified random sampling to develop
and test the NLP algorithms separately for each of the 3 data
elements. Data from the Mayo Total Joint Registry were used as
the gold standard to assess the performance of the NLP
algorithms.

The numbers of THA procedures for training and testing
the NLP algorithms are shown in Table I. For operative approach,
the training and test data sets comprised 250 THA procedures,
stratified into 3 categories (anterolateral, direct anterior, and
posterior). The average ages of the patients in the training and test
data sets were 65 and 63 years, respectively, and women com-
prised 67% and 63% of the patients in these data sets, respectively.
For fixation technique, the training and test data sets comprised
467 and 291 THA procedures, respectively, stratified into 4 cat-
egories (uncemented, cemented, hybrid, and reverse hybrid). The
average ages in the training and test data sets were 69 and 69 years,
and women comprised 56% and 58% of the patients in these
groups, respectively. For bearing surface, the training and test
data sets comprised 300 and 284 THA procedures, respectively,
stratified into 4 categories (metal-on-polyethylene, ceramic-on-
polyethylene, metal-on-metal, and ceramic-on-ceramic). The
average ages in the training and test data sets were 51 and 53 years,
respectively, and women comprised 53% and 51% of the patients
in these groups, respectively.

NLP Algorithm Development
The NLP algorithms were developed in 3 steps: (1) prototype
system development based on manual chart review and
expert knowledge from orthopaedic surgeons, (2) formative
system development using a training data set, and (3) final
system evaluation using a test data set. Our NLP system was
based on expert rules defined by 2 orthopaedic surgeons
after review of operative notes that established target “textual
markers” (i.e., keywords related to approaches, fixation
technique, or bearing surface). The NLP system has 3 main
components: text processing, concept extraction, and clas-
sification (Fig. 1).

TABLE I Number of THA Procedures Included for Training
and Testing of NLP Algorithms

Operative
Approach Fixation

Bearing
Surface

Training data set

No. of
procedures

250 467 300

Age* (yr) 65 69 51

Percent female 67% 56% 53%

Test data set

No. of
procedures

250 291 284

Age* (yr) 63 69 53

Percent female 63% 58% 51%

*The values are given as the mean.

Fig. 1

Workflow of the NLP system for extracting 3 THA-specific data elements from operative notes.
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The key components of the text processing pipeline were
sentence segmentation, assertion identification, and temporal
extraction. The assertion of each concept includes certainty

(i.e., positive, negative, and possible) along with the person
who experienced the event (i.e., the patient or someone else,
such as husband, child, etc.), whereas temporality identifies the

Fig. 2

Rules for THA operative approach, fixation, and bearing-surface classification.

TABLE II THA Operative Approach-Related Keywords in Operative Notes

Direct mention for anterolateral approach

Anterolateral approach; direct lateral approach; Hardinge; lateral approach; gluteus medius detached; gluteus medius reflected; gluteus medius split;
gluteus medius trochanter; gluteus medius incised; gluteus minimus detached; gluteus minimus reflected; gluteus minimus split; gluteus minimus
trochanter; gluteus minimus incised; abductors detached; abductors reflected; abductors split; abductors trochanter; abductors incised; anterior
detached; anterior reflected; anterior split; anterior trochanter; anterior incised; incision directly laterally*

Direct mention for direct anterior approach

Direct anterior approach; TFL; tensor fasciae latae; tensor fascia latae; lateral femoral cutaneous nerve; LFCN; lateral circumflex femoral artery; lateral
femoral circumflex artery; anterior superior iliac spine; anterior-superior iliac spine; ASIS; Hana table; Smith-Petersen approach; sartorius

Direct mention for posterior approach

External rotators; short external rotators; short rotators; conjoined tendon; obturator internus; posterior approach; posterolateral approach; posterior
capsule; posterior greater trochanter; quadratus; quadratus femoris; Southern approach; Moore approach; Kocher approach; Kocher-Langenbeck
approach; Kocher-Langenbeck; gluteusmaximus split; gluteusmaximus divided; glut max split; glut max divided; maximus split; maximus divided; gluteus
maximus muscle split; gluteus maximus muscle divided; incision posterolateral*

Exclusion keywords

Posterior capsule released; piriformis released; obturator released; short external rotators preserve; obturator internus released; external rotators
preserve

*Additional refinement from the external validation.
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timing of an event (i.e., historical or present). For example,
from a passage that reads, “The cement compressor was used. A
50-mm acetabular component was placed in 45 degrees of
abduction and 15 degrees of anteversion,” “cement” would be
extracted as a procedure concept, and “acetabular component”

would be extracted as a material concept along with the cor-
responding assertion status (“positive”), temporality (“pre-
sent”), and the person who experienced the event (“associated
with the patient”). Concept extraction is a knowledge-driven
annotation and indexing process that is used to identify phrases

TABLE III THA Fixation-Related Keywords in Operative Notes

Indirect mention for cement concept

Cement; cemented; methyl methacrylate; methacrylate; methyl; vacuum

Indirect mention for shell concept

Shell; Implex shell; PINNACLE shell; cup; acetabular; acetabulum component; acetabulum; socket

Indirect mention for stem concept

Femoral stem; stem; HFx-stem; femoral component; femoral component/stem; permanent prosthesis; stem fem cemented

Direct mention for cement

Cement total hip arthroplasty; cement total hip replacement; total hip arthroplasty, cement; total hip replacement, cement

Direct mention for uncement

Uncemented total hip arthroplasty; uncement total hip replacement; total hip arthroplasty, uncemented; total hip replacement, uncemented; uncemented
total arthroplasty*

Direct mention for hybrid

Hybrid total hip arthroplasty; hybrid total hip replacement; total hip arthroplasty, hybrid; total hip replacement, hybrid; arthroplasty hybrid cemented*

Direct mention for reverse hybrid

Reverse hybrid total hip arthroplasty; reverse hybrid total hip replacement; total hip arthroplasty, reverse hybrid; total hip replacement, reverse hybrid

Exclusion keywords

Implant name: cemented [indirect mention for stem concept]; implant name: cemented [indirect mention for stem concept]; liner [indirect mention for
cement concept]; components used*; stem SUMMIT cemented*

*Additional refinement from the external validation.

TABLE IV THA Bearing Surface-Related Keywords in Operative Notes

Indirect mention for polyethylene (poly) concept

Polyethylene; poly; plastic; ultra-high molecular weight polyethylene; highly crosslinked poly; highly crosslinked polyethylene; ply

Indirect mention for stem concept

Femoral stem; stem; HFx-stem; femoral component; femoral component/stem; permanent prosthesis; stem fem cemented

Indirect mention for metal concept

Metal; cobalt; chrome; cobalt-chromium; stainless steel; steel; polished

Indirect mention for ceramic concept

Ceramic; delta ceramic; zirconia; zirconia ceramic; BIOLOX delta; BIOLOX

Indirect mention for head concept

Femoral stem; stem; HFx-stem; femoral component; femoral component/stem; permanent prosthesis; stem fem cemented

Indirect mention for polyethylene brand concept

MARATHON; Longevity; Crossfire; Cross; Durasul; X3; ALTRX; Prolong; Vivacit-E; AOX; E1; ArCom

Direct mention for metal-on-poly

(Indirect mention for metal concept) on (indirect mention for polyethylene [poly] concept)

Direct mention for ceramic-on-poly

(Indirect mention for ceramic concept) on (indirect mention for polyethylene [poly] concept)

Direct mention for metal-on-metal

(Indirect mention for metal concept) on (indirect mention for metal concept)

Direct mention for ceramic-on-ceramic

(Indirect mention for ceramic concept) on (indirect mention for ceramic concept)
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referring to concepts of interests in an unstructured text6.
After concepts are extracted from operative reports, they are
normalized to specific categories. For instance, the concept
“acetabular component” will be mapped to the category
“finding—material.” All keywords and phrases are applied to
the sentence level and are categorized by direct mention and
indirect mention. The direct mention is defined as the
mention of a specific concept directly indicating the final
classification category without requiring additional infor-
mation (e.g., mentions of “anterolateral approach”). The
indirect mention is defined as a mention that cannot directly
determine the final class (e.g., mentions of “femoral com-
ponent”). Once direct and indirect concepts are extracted
from a document, the rule engine will determine the final
class. For example, if the report contains both mentions of
“cemented stem” and “cemented shell,” this case will be
classified as cement fixation (Fig. 2). In addition, exclusion
keywords were used to avoid potential false-positive cases.
The full list of concepts, keywords, modifiers, and disease
categories for the operative approach, fixation methods, and
bearing surface categories are listed in Tables II, III, and IV,
respectively.

The rule engine independently processes all 3 tasks
(approach, fixation technique, and bearing surface) and
outputs the classification results (Fig. 2). First, the engine
processes all direct mentions. The reports with no direct
mentions subsequently have the rules on indirect mentions

applied. The rules for indirect mentions contain a series of
conditional clauses including “and,” “or,” and “not.” For
example, patients with non-negated findings of “stem” and
“cement” and without mentions of “cup” are classified as
having hybrid fixation.

The infrastructure for the rule-based NLP system was
implemented with use of the open-source NLP pipeline
MedTaggerIE7, a resource-driven open-source Unstructured
Information Management Architecture (UIMA)8-based infer-
ence engine framework. The system separates domain-specific
NLP knowledge engineering from the generic NLP process,
which enables words and phrases containing clinical information
to be directly coded by subject matter experts. This functionality
allows efficient translation of NLP tools for use by different
institutions. The tool has been utilized in the Electronic Medical
Records & Genomics (eMERGE) consortium to develop NLP-
based phenotyping algorithms9.

External Validation
We retrieved and annotated 422 operative notes from a
different hospital setting. The data set was split into refine-
ment (n = 242) and test (n = 180) data sets. The refinement
data set was used to adjust the operative notes suitable to
NLP algorithms (i.e., format adjustment) and to refine NLP
algorithms (i.e., adding keywords) for further performance
improvement. The final performance was measured on the
test data set.

TABLE V Performance of the Operative Approach Algorithm

Anterolateral
(Gold Standard)

Direct Anterior
(Gold Standard)

Posterior
(Gold Standard)

Approach predicted by algorithm*

Anterolateral 79 0 2

Direct anterior 0 35 0

Posterior 0 0 134

Total 79 35 136

*The algorithm had an accuracy of 99.2% (95% confidence interval, 97.1% to 99.9%).

TABLE VI Performance of the Fixation Algorithm

Uncemented
(Gold Standard)

Cemented
(Gold Standard)

Hybrid
(Gold Standard)

Reverse Hybrid
(Gold Standard)

Fixation predicted by algorithm*

Uncemented 90 2 10 0

Cemented 0 72 15 0

Hybrid 0 0 102 0

Reverse hybrid 0 0 0 0

Total 90 74 127 0

*The algorithm had an accuracy of 90.7% (95% confidence interval, 86.8% to 93.8%).
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Statistical Analysis
The performance of each NLP algorithm was assessed with use
of the gold-standard manually abstracted data from the Mayo
Total Joint Registry and the manually abstracted data from the
external-setting EHR. Performance was assessed through cal-
culation of accuracy (i.e., the sum of the correct classifications
divided by the total). Because of the multi-class organization
and imbalance across groups, we used the micro-averages to
assess accuracy of the algorithms6.

Results
Operative Approach

The THA operative approach algorithm (which classified
the operative approach into 3 categories as anterolateral,

direct anterior, and posterior) had an accuracy of 99.2%
(Table V). During the training phase of algorithm develop-
ment, 45% of patients had conflicted findings, with ‡2 oper-
ative approach classes being detected in the operative reports.
We therefore added a header detector to identify procedure-
related descriptions. The majority of expressions in the header
section of the operative notes were direct mentions. Therefore,
prioritizing findings in the header section helped to resolve
most cases with conflicting findings. One of the 2 cases in
which an anterolateral procedure was falsely classified as pos-
terior was due to a confusing statement by the surgeon that he
“had planned for a posterolateral approach, but upon expo-
sure, it was clear that she had a fairly significant chronic
degenerative tear of the abductor tendons.” The other false
classification was due to a lack of direct and indirect identifiers
for the anterolateral approach, with the algorithm choosing the
keyword external rotators as the final prediction for classifying
the procedure as having a posterior approach.

Fixation
The THA fixation algorithm (which classified fixation into 4
categories as uncemented, cemented, hybrid, and reverse hybrid)
had an accuracy of 90.7% (Table VI). All 90 uncemented THAs
were correctly classified. Of the 74 cemented THAs, 2 were falsely
classified as uncemented, and in both cases the procedure had
been performed with cemented all-polyethylene acetabular

components. The highest number of false-negative results was
observed in association with hybrid THA. Of the 127 hybrid
THAs, 15 were falsely classified as cemented because the proce-
dures had been performed with cemented liners. Furthermore,
10 hybrid THAs were falsely classified as uncemented because the
component was not explicitly mentioned in the operative notes.
Although our NLP algorithm included terms for reverse hybrid
procedures, no such procedures were randomly selected for
inclusion in the test data set.

Bearing Surface
The THA bearing surface algorithm (which classified the bearing
surface into 4 categories as metal-on-polyethylene, ceramic-on-
polyethylene, metal-on-metal, and ceramic-on-ceramic) had an
accuracy of 95.8% (TableVII). In 5 cases, ceramic-on-polyethylene
surfaces were falsely classified as ceramic-on-ceramic surfaces
because of a lack of documentation of polyethylene-related con-
cepts. In 1 case, a metal-on-metal surface was falsely classified as a
metal-on-polyethylene surface because of the mention of the term
“polyethylene metal liner.” In 6 cases, ceramic-on-ceramic surfaces
were falsely classified because of incorrect mentions of a liner. In
other words, dictation and transcription error was themain reason
for the falsely classified cases.

External Validation
We achieved an accuracy of 94.4% for operative approach,
95.6% for fixation technique, and 98.0% for bearing surface.
These estimates were comparable with performance withMayo
Total Joint Registry data.

Discussion

Total joint arthroplasty research, policy, and surveillance
efforts have been bolstered by large-scale data, primarily

in the form of national and institutional registries. These
repositories are rich sources of longitudinal information;
nevertheless, they are usually the product of labor-intensive
and cost-intensive manual abstraction and coding efforts
from individuals with specialized knowledge. NLP tools are
distinctive in their ability to extract critical information from
raw text in EHRs. NLP algorithms offer a more sophisticated

TABLE VII Performance of the Bearing Surface Algorithm

Metal-on-Polyethylene
(Gold Standard)

Ceramic-on-Polyethylene
(Gold Standard)

Metal-on-Metal
(Gold Standard)

Ceramic-on-Ceramic
(Gold Standard)

Bearing surface predicted by
algorithm

Metal-on-polyethylene 72 0 1 1

Ceramic-on-polyethylene 0 66 0 4

Metal-on-metal 0 0 67 1

Ceramic-on-ceramic 0 5 0 67

Total 72 71 68 73

*The algorithm had an accuracy of 95.8% (95% confidence interval, 92.7% to 97.8%).
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way of handling free text than simple keyword searches. First,
an NLP algorithm can handle information context such as
assertion (e.g., confirmed, negation, possible, hypothetical),
status (e.g., present, historical), and experiencer (e.g., associated
with patients or others/family members). Second, specific sections
of clinical text (e.g., the postoperative diagnosis in the operative
notes) can be identified to capture the data element under the
desired section. Third, an NLP algorithm is able to identify time
descriptions (date, time, duration, frequency, before-after),
thereby incorporating temporal information. Last, an NLP
algorithm allows development of user-specific rules with com-
binations of various conditions, enabling the implementation of
complex criteria. As a proof of concept for the potential appli-
cation of this technique, we examined its ability to correctly
identify common elements in operative notes for THA. We also
demonstrated that NLP algorithms that are developed internally
can be applied to other hospital settings with comparable per-
formance, showing external validity and adaptability10,11.

NLP technology has been used in various industries as a
means of efficiently abstracting data from large repositories
of text. The medical field is perhaps ideally suited to leverage
informatics technology as clinical notes remain the standard
of communication and documentation. Notes generated
by clinicians are typically free text, creating a challenging
environment for automated data abstraction. Therefore,
complete and accurate data are often reliant on manual
abstraction by trained professionals, which is time-
consuming and costly. NLP can automate data abstraction
and can achieve high levels of accuracy, allowing efficient
mining of data for broad applications. Importantly, many
questions remain unasked simply because they are too
cumbersome to answer if not pursued in a prospective
fashion. NLP has the potential to obviate that obstacle in
appropriate circumstances. Murff et al. recently evaluated the
ability of NLP to identify postoperative complications in the
EHRs of 2,974 patients12. They noted that NLP had higher
sensitivity, but lower specificity, compared with patient-
safety indicators based on discharge coding. At the very least,
this finding demonstrates the ability of NLP to serve as a
screening tool for queries of large data sets. In contrast, in all
3 of our algorithms, we achieved higher specificity than
sensitivity. This finding is due to the fact that our outcomes
were restricted to 3 or 4 discrete results. Furthermore, we
developed the algorithms through an iterative process with
continuous modification of key search terms and rules based
on areas identified as consistent sources of algorithm failure.
Specifically as it applies to orthopaedic registry data, an
iterative process of this nature against a limited subset of
manually abstracted data would be critical to obtain high-
fidelity information in the absence of a gold standard for
comparison across the entire cohort.

Although NLP techniques were applied to a narrow area
(i.e., THA operative reports), the applications of this technology
throughout orthopaedics, and medicine in general, are wide-
ranging. NLP has been shown to have the ability to abstract
medical data from EHRs in a variety of settings13-18. Furthermore,

NLP has been successfully tested as a tool for enhancing real-time
clinical decision-making19,20. The implications for research, policy,
and patient care are vast and will continue to become more
apparent and viable as this technologymatures. In an era inwhich
data are plentiful, but the ability to extract and interpret data is
limited, NLP offers one potential solution to mitigate this critical
barrier.With thewidespread availability of EHRs and open-source
NLP-based tools, data collection can potentially be more com-
prehensive and efficient in the future. The tools and algorithms
described in the present report also will be provided on an open-
source basis through Open Health Natural Language Processing
(OHNLP) (https://github.com/ohnlp) to facilitate further devel-
opment and application.

The present study must be interpreted in light of
important limitations. First, we had the benefit of a well-
developed and reliable institutional total joint arthroplasty
registry to serve as the gold standard. Developing algorithms
without a preestablished gold standard would be difficult and
time-consuming for institutions without this resource. What
seems most logical is to have algorithms created at centers
with gold-standard registries and then disseminated for refine-
ment to institutions interested in applying the technology to their
own operative reports. A second limitation is that the algorithms
initially were developed after review of operative reports at a single
institution, with the structure of the reports being tailored to a
specific EHR system. Different surgeons are apt to describe a
procedure in a distinctive fashion; therefore, surveillance of
reports from surgeons at our institution may create an inherent
bias toward their manner of description. Although we have suc-
cessfully demonstrated the external validity on EHRs in another
hospital setting, additional work is necessary to demonstrate the
transportability of algorithms. The present study leveraged the
operative reports of 29 different surgeons. The algorithms will
certainly improve as efforts are undertaken to apply them to
operative reports from other centers as algorithm refinement is an
ongoing iterative process. Finally, the success of NLP algorithms
depends on the level of detail and accuracy of the medical records
and operative notes.

NLP-enabled algorithms are a promising alternative to
the current gold standard of manual chart review for data
collection in orthopaedics. NLP algorithms demonstrated
excellent accuracy in delineating common elements that are
typically described in THA operative notes and showed a
capacity to translate with high fidelity across multiple
practice facilities. The present study provides a proof of
concept for the use of NLP technology in research and reg-
istry development endeavors, as it reliably obtained data of
interest in an expeditious and cost-effective manner. n
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