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Abstract BACKGROUND: Incidental durotomy is a common intraoperative complication during spine
surgery with potential implications for postoperative recovery, patient-reported outcomes, length
of stay, and costs. To our knowledge, there are no processes available for automated surveillance
of incidental durotomy.

PURPOSE: The purpose of this study was to develop natural language processing (NLP) algo-
rithms for automated detection of incidental durotomies in free-text operative notes of patients
undergoing lumbar spine surgery.

PATIENT SAMPLE: Adult patients 18 years or older undergoing lumbar spine surgery between
January 1, 2000 and June 31, 2018 at two academic and three community medical centers.
OUTCOME MEASURES: The primary outcome was defined as intraoperative durotomy
recorded in free-text operative notes.

METHODS: An 80:20 stratified split was undertaken to create training and testing populations. An
extreme gradient-boosting NLP algorithm was developed to detect incidental durotomy. Discrimi-
nation was assessed via area under receiver-operating curve (AUC-ROC), precision-recall curve,
and Brier score. Performance of this algorithm was compared with current procedural terminology
(CPT) and international classification of diseases (ICD) codes for durotomy.

RESULTS: Overall, 1,000 patients were included in the study and 93 (9.3%) had a recorded inci-
dental durotomy in the free-text operative report. In the independent testing set (n=200) not used
for model development, the NLP algorithm achieved AUC-ROC of 0.99 for detection of durotomy.
In comparison, the CPT/ICD codes had AUC-ROC of 0.64. In the testing set, the NLP algorithm
detected 16 of 18 patients with incidental durotomy (sensitivity 0.89) whereas the CPT and ICD
codes detected 5 of 18 (sensitivity 0.28). At a threshold of 0.05, the NLP algorithm had specificity
of 0.99, positive predictive value of 0.89, and negative predictive value of 0.99.
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CONCLUSIONS: Internal validation of the NLP algorithm developed in this study indicates
promising results for future NLP applications in spine surgery. Pending external validation, the
NLP algorithm developed in this study may be used by entities including national spine registries
or hospital quality and safety departments to automate tracking of incidental durotomies. © 2019

Elsevier Inc. All rights reserved.
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Introduction

Incidental durotomy is a common occurrence in spine sur-
gery with implications for postoperative recovery, patient-
reported outcomes, length of stay, and costs [1—4]. The tran-
sition to value-based health care in spine surgery has
increased pressure on provider systems to standardize the
measurement of postoperative outcomes, reduce variation,
and improve reporting of quality and safety metrics [5]. Stud-
ies of national administrative databases have used procedural
and diagnosis codes to identify incidental durotomy [1,6,7].
However, to our knowledge, there are no algorithms available
for automated surveillance of incidental durotomy.

The purpose of this study was to develop natural language
processing (NLP) algorithms for automated detection of inci-
dental durotomy in free-text operative notes of patients under-
going lumbar spine surgery. A secondary purpose of this
study was to compare the performance of the NLP algorithm
to administrative Current Procedural Terminology (CPT) and
International Classification of Diseases (ICD-9 and ICD-10)
codes for detection of incidental durotomy.

Materials and methods

Guidelines

The following guidelines were followed: transparent-
reporting of a multivariable prediction model for individual
prognosis or diagnosis (TRIPOD) [8].

Data source

Institutional review board approval was granted for ret-
rospective review of electronic health records (EHR).
Patients from two academic medical centers and three com-
munity medical centers affiliated with one health-care
entity were included in this analysis. The inclusion criteria
for this study were: (1) age 18 years or older, (2) primary
procedure of posterior lumbar decompression and/or fusion
for lumbar disk herniation, spondylolisthesis, or spinal ste-
nosis, (3) date of procedure between January 1, 2000 and
June 31, 2018, and (4) free-text operative note from the first
index lumbar procedure in our institution’s electronic health
records available for review. Patients who underwent proce-
dures for trauma, malignancy, infection, pseudarthrosis, and
deformity were excluded. Free-text operative notes from
1,000 patients meeting these criteria in our institutional
database were reviewed.

Outcome

The primary outcome was intraoperative unintentional
(incidental) durotomy recorded in free-text operative notes.
Operative notes were reviewed by a researcher (AVK) who
was not involved in the care of these patients and all reports
flagged for incidental durotomy were confirmed with senior
authors.

Data analysis

A stratified 80:20 split of the available population was
done to create training and testing cohorts. Raw free-text
operative notes were processed to obtain documents suit-
able for model development [9,10]. Raw free-text reports
were scrubbed of redundant whitespace, line breaks, and
stop words such as “to,” “the,” “and.” Words in these free-
text reports were then stemmed, for example “leaking” and
“leaked” were converted to “leak.” Supplementary Table 1
shows an example excerpt of a raw free-text operative note
and the final processed version used as input to model
development. The bag-of-words data representation method
was applied to the processed free-text reports to identify
features (words) for model development. Bag-of-words
technique can be conceptualized as the creation of a matrix
with rows defined by the operative reports and columns
defined by variables that indicate the frequency or presence
of features (word/tokens) in the document. The term fre-
quency-inverse document frequency technique was used to
regularize these results by balancing the prevalence of rare
and very common features.

An extreme gradient boosting (XGBoost) NLP machine
learning algorithm was developed to detect incidental
durotomy [11—13]. The NLP algorithm was developed on
the training set (n=800) and assessed on the testing set
(n=200) by the following metrics: discrimination (receiver
operating curve [ROC], area under the receiver operating
curve [AUC-ROC], precision-recall curve [PRC], area
under the precision-recall curve [AUC-PRC], sensitivity
[recall], specificity, positive-predictive value [PPV, also
known as precision], negative-predictive value, F1-score,
positive likelihood ratio [LR+], negative likelihood ratio
[LR—]), calibration (calibration intercept, calibration
slope), and overall performance (Brier score) [14—16].
The ROC is a plot of sensitivity and (1-specificty) versus
the PRC is a plot of precision (PPV) and recall (sensitiv-
ity). The PRC is particularly helpful for examining
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algorithm performance on imbalanced outcomes (out-
comes that occur in a minority of the patients studied)
[16,17]. AUC-ROC and AUC-PRC both range from 0 to a
maximum value of 1. An algorithm with AUC-ROC=0.5 is
no better than chance. Fl-score is defined as the harmonic
mean or the weighted average of precision (PPV) and
recall (sensitivity). F1-scores range from O to a maximum
of 1. LR+ is defined as sensitivity divided by (1-specific-
ity) and LR— is defined as (1-sensitivity) divided by speci-
ficity. Useful tests have LR+ above 1 and LR— less than
1. Multiple probability thresholds were used to examine
the performance of the algorithm. Brier score is defined
as the mean squared difference between predictions and
observed outcomes. Perfect models would have a Brier
score of 0. The null model Brier score (score for
an algorithm generating a predicted probability equal to
the population prevalence of the outcome for every
patient) was calculated to benchmark the algorithm Brier
score.

Second, CPT and ICD codes [CPT=63707, 63709, 63710,
ICD-9=349.3, ICD-10=G96.11, G97.4] were used to deter-
mine the performance of these administrative codes for detec-
tion of incidental durotomy. The performance of these codes
was assessed by the same metrics as the NLP algorithm.
Finally, explanations were generated for predictions gener-
ated by the NLP algorithm to allow clinicians to interpret the
model findings. Global explanations were provided averaging
across all patients to demonstrate the most important factors
used for detection. Local explanations were implemented at
the level of individual patient operative notes (local explana-
tions) and used to identify which features (words or phrases)
the NLP algorithm used to detect incidental durotomy [18].
The capacity for enhanced visualization was undertaken by
generation of automated highlighting of features used for
detection in free-text operative notes. Anaconda Distribution
(Anaconda, Inc., Austin, TX, USA), R version (The R Foun-
dation, Vienna, Austria), RStudio (RStudio, Boston, MA,
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USA), and Python (Python Software Foundation, Wilming-
ton, DE, USA) were used for data analysis.

Results

Overall, 1,000 patients were included in this study. The
patients had a median age of 60 (interquartile range: 46—71)
years and 459 (45.9%) were female. The rate of incidental
durotomy in this cohort was 9.3% (n=93).

In the independent testing set (n=200), the NLP algo-
rithm achieved AUC-ROC of 0.99 (Fig. 1, Left), AUC-PRC
of 0.94 (Fig. 1, Right), Brier score of 0.01, calibration inter-
cept of 1.39, and calibration slope of 1.17 for detection of
incidental durotomy (Table 1). In comparison, the null
model Brier score was 0.08. The AUC-ROC of the com-
bined CPT and ICD codes was 0.64, AUC-PRC was 0.39,
and Brier score was 0.07. In the testing set, the CPT and
ICD codes only detected 5 of the 18 (sensitivity=0.28) inci-
dental durotomies. However, the CPT and ICD codes had
perfect PPV and specificity and generated no false positives
(Table 2).

At a threshold of 0.05, the NLP algorithm had an F1-
score of 0.89, specificity of 0.99, PPV of 0.89, and NPV of
0.99 in the independent testing set. The algorithm correctly
identified 16 (true positives) of the 18 patients (sensitiv-
ity=0.89) who had incidental durotomies in the testing
cohort and yielded two false positives. At a threshold of
0.50, algorithm correctly identified 15 (true positives) of
the 18 patients (sensitivity=0.83) who had incidental durot-
omies in the testing cohort and had yielded no false posi-
tives (specificity=1, PPV=1). Decision curve analysis of the
NLP showed that the algorithm yielded greater standardized
net benefit at all thresholds compared with default strategies
of changes made for no patients, changes for all patients, or
changes based on the CPT and ICD codes (Fig. 2).

Global explanations for the NLP algorithm showed that
the algorithm used clinically meaningful features (words)

B Precision-Recall Curve
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Fig. 1. (Left) Receiver operating curve and (Right) Precision-Recall curves for NLP algorithm in the independent testing set, n=200. NLP, natural language

processing.
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Table 1
Overall performance of NLP algorithm (95% confidence interval) relative
to procedural and diagnosis codes in the independent testing set, n=200

NLP algorithm CPT and ICD codes
AUC-ROC 0.99 (0.96, 1.00) 0.64 (0.54,0.75)
AUC-PRC 0.94 (0.75, 0.99) 0.39 (0.19, 0.60)

Brier 0.01 (0.005, 0.04)

Calibration intercept 1.39 (0.26, 2.53)

Calibration slope 1.17 (0.50, 1.84) -
null model Brier score=0.08

0.07 (0.04, 0.10)

AUC-PRC, area under the precision-recall curve; AUC-ROC, area under
the receiver operating curve; CPT, current procedural terminology; ICD, inter-
national classification of disease; NLP, natural language processing.

for detection of incidental durotomy (“repair,” “leak,”
“csf,” “tisseel,” “small_dural,” “leakag,” “prolen,” “dura”)
(Fig. 3). Similarly, an example of the individual patient-
level free-text operative report explanations of the NLP
algorithm showed that “repair,” “small,” and “tisseel” in
the operative note led the algorithm to detect the occurrence
of incidental durotomy (Fig. 4).

Discussion

In this study, nearly one in 10 patients undergoing poste-
rior lumbar decompression and/or fusion was found to have
an incidental durotomy. On internal validation, the NLP
algorithm developed in this study showed good perfor-
mance for automated detection of incidental durotomy.
Administrative codes were shown to have high positive pre-
dictive value but low sensitivity for automated surveillance
of incidental durotomy.

Natural language processing has been previously applied
to the automated extraction of structured data from unstruc-
tured free-text reports in radiology, pathology, and oncol-
ogy, among others [19—21]. Within spine, Tan et al.
previously studied machine learning-based and rules-based
NLP for automated detection of degenerative lumbar spine
findings (eg, deformity, fracture, disc disorders, and steno-
sis) in x-ray and magnetic resonance imaging radiology
reports [22]. In separate work, Huhdanpaa et al. studied
rules-based NLP for automated surveillance of Type 1

Table 2
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Fig. 2. Decision curve analysis with standardized net benefit of the NLP algo-
rithm relative to default strategies of changes for no patients, or for all patients
or changes based on the CPT/ICD codes. CPT, current procedural terminology;
ICD, international classification of disease; NLP, natural language processing.
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Fig. 3. Global explanation of features used by the NLP algorithm for
detection of incidental durotomy. NLP, natural language processing.

Performance of NLP algorithm (95% confidence interval) at various thresholds relative to procedural and diagnosis codes in the independent testing set,

n=200

CPT and ICD codes

NLP algorithm

Threshold=0.50

Threshold=0.10 Threshold=0.05

Sensitivity (recall)

Specificity

Negative predictive value

Positive predictive value (precision)
Fl-score

LR (+)

LR (-)

0.28 (0.10, 0.53)
1.00 (0.98, 1.00)
0.93 (0.89, 0.96)
1.00 (0.48, 1.00)
0.43 (0.16, 0.70))

0.72 (0.54, 0.96)

0.83 (0.59, 0.96)
1.00 (0.98, 1.00)
0.98 (0.95, 1.00)
1.00 (0.78, 1.00)
0.91 (0.67,0.98)

0.17 (0.06, 0.47)

0.83 (0.59, 0.96)
0.99 (0.97, 1.00)
0.98 (0.95, 1.00)
0.94 (0.70, 1.00)
0.88 (0.64, 0.97)

150.8 (21.3, 1082.6)

0.17 (0.06, 0.47)

0.89 (0.65, 0.99)
0.99 (0.96, 1.00)
0.99 (0.96, 1.00)
0.89 (0.65, 0.99)
0.89 (0.65, 0.99)
80.9 (20.2, 324.1)
0.11 (0.03, 0.42)

CPT, current procedural terminology; ICD, international classification of disease; LR-, negative likelihood ratio; LR+, positive likelihood ratio; NLP, nat-

ural language processing.
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Case: 1
Explanation Fit: 0.93

Feature

Weight

I survors [l convoses

with patient anesthet general endotrach inhal anesthesia place prone four-
post frame steril prepar lumbar area undertaken the spine expos previous
midlin skin incis extend proxim electrocauteri use dissect muscl fascia spinous
process lamina t12 13 a towel clip place spinous process |1 x-ray use use c-
arm confirm level dissect use leksel rongeur spinous process 11 t12 resect
laminotomi creat t12-11 use 3 4-mm 45-degre kerrison midlin laminectomi t12-
11 perform curett use dissect adhes previous oper area the worst stenosi 11-2
12-3 level the dissect continu use mida rex bur thin lamina complet
laminectomi dure dissect small arachnoid bleb creat 11-2 level this close singl
4-0 nurulon sutur dural lacer occur 12-3 level left side region previous scar
area this fepaifi three 4-0 nurulon sutur tisseel place fépaif watertight the incis
thorough irrig two deep hemovac insert gelfoam place laminectomi defect the
incis close interrupt 1 vicryl muscl fascia continu interrupt undi 2-0 vicryl
subcutan layer 3-0 subcuticular monocryl sutur skin steri-strip adapt flat
tegaderm appli dress spong needl count correct end procedur

Label predicted: 1 (97.92%)
Explainer fit: 0.93

Fig. 4. Example of individual patient-level explanation for incidental dur-
otomy detection in free-text operative note generated by the NLP algo-
rithm. NLP, natural language processing.

Modic changes in magnetic resonance imaging reports
[23]. In both studies, surveillance of factors with relatively
low prevalence (10% or less) yielded lower sensitivity
than specificity, although multiple probability thresholds
were not examined. With lower probability thresholds, the
sensitivity of algorithms for the outcome increases while
the specificity decreases, as demonstrated by the various
thresholds examined in this analysis. Wyles et al. used
rules-based NLP to identify operative approach, fixation
technique, and bearing surface in free-text operative notes
of patients undergoing total hip arthroplasty; however,
standardized metrics for classification such as AUC-ROC
were not reported [24]. Free-text operative notes have also
been used for automated surveillance of intraoperative
events such as periprosthetic femur fractures in total
hip arthroplasty and posterior capsular rupture in cataract
surgery [25,26].

The prevalence of incidental durotomy in this study was
similar to previous studies of posterior lumbar decompres-
sion [27—31]. Studies that used procedural and diagnosis
codes to identify incidental durotomy found a lower rate of
incidental durotomy, consistent with the results presented
here [3,6,7]. Desai et al. previously followed patients under-
going decompression and/or fusion for spinal stenosis from
the Spine Patient Outcomes Research Trial and showed
that there was no difference in mortality, reoperation, or

patient-reported outcomes up to 4-years after surgery who
had an incidental durotomy [29]. However, patients with
incidental durotomy had increased operative duration and
inpatient stay. Similarly, Schroeder et al. showed that
patients with incidental durotomy had 18% increase in aver-
age hospital charge despite matching to controls by age,
Charlson comorbidity index, region of spine, type of fusion,
number of fused levels, number of levels decompressed,
and use of biologics [4]. Accurate depiction of rates of inci-
dental durotomy thus has implications for value-based care
delivery and alternative payment models.

There are a number of limitations that must be acknowl-
edged to appropriately interpret the results of this study.
This was a retrospective study from one health-care system
beholden to the limitations inherent to such a research
design. The surgeons affiliated with this health-care entity
likely share practices that influence the specific terminology
used to document durotomy. Prospective, temporal, and
external validation of this algorithm remains to be per-
formed. Additionally, there may be patients who had an
incidental durotomy that was unrecognized or unrecorded
in the operative note for the index procedure. Furthermore,
repeated reviews of operative notes by multiple researchers
or fellowship-trained spine surgeons could be preferable,
although somewhat impractical, and this represents an
added limitation of the current work.

Despite these limitations, this study has several impor-
tant implications for quality and safety tracking and out-
comes research in spine surgery. If found to be externally
valid, the algorithm developed in this study could be used
by professional societies for automated detection of inci-
dental durotomies in national registries. Furthermore, qual-
ity and safety departments within specific health-care
systems could use this algorithm to automatically track inci-
dental durotomies over time and create metrics and dash-
boards for spine surgeons to monitor this complication.
Finally, the efficiency of clinical outcomes research can be
improved by using this algorithm to automate the identifica-
tion of durotomy or similar complications in spine surgical
cohorts. These aspirational goals rely on further refinement,
characterization, and improvement of currently available
NLP tools in spine surgery.

Conclusions

Internal validation of the NLP algorithm developed in
this study indicates promising results for future NLP appli-
cations in spine surgery. Pending external validation, the
NLP algorithm developed in this study may be used by enti-
ties including national spine registries or hospital quality
and safety departments to automate tracking of incidental
durotomies.
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