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PURPOSE Although the bulk of patient-generated health data are increasing exponentially, their use is impeded
because most data come in unstructured format, namely as free-text clinical reports. A variety of natural
language processing (NLP) methods have emerged to automate the processing of free text ranging from
statistical to deep learning—based models; however, the optimal approach for medical text analysis remains to be
determined. The aim of this study was to provide a head-to-head comparison of novel NLP techniques and
inform future studies about their utility for automated medical text analysis.
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PATIENTS AND METHODS Magnetic resonance imaging reports of patients with brain metastases treated in two
tertiary centers were retrieved and manually annotated using a binary classification (single metastasis v two or
more metastases). Multiple bag-of-words and sequence-based NLP models were developed and compared
after randomly splitting the annotated reports into training and test sets in an 80:20 ratio.

RESULTS A total of 1,479 radiology reports of patients diagnosed with brain metastases were retrieved. The least
absolute shrinkage and selection operator (LASSO) regression model demonstrated the best overall perfor-
mance on the hold-out test set with an area under the receiver operating characteristic curve of 0.92 (95% Cl,
0.89 10 0.94), accuracy of 83% (95% ClI, 80% to 87%), calibration intercept of —0.06 (95% CI, —-0.14 t0 0.01),
and calibration slope of 1.06 (95% CI, 0.95 to 1.17).

CONCLUSION Among various NLP techniques, the bag-of-words approach combined with a LASSO regression
model demonstrated the best overall performance in extracting binary outcomes from free-text clinical reports.
This study provides a framework for the development of machine learning-based NLP models as well as a clinical
vignette of patients diagnosed with brain metastases.
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INTRODUCTION
In recent years, the volume and complexity of patient-

the analysis of free-text medical documents remains to
be determined.
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generated health data are increasing exponentially.
Although these data have the potential to propel clinical
research, their use is impeded because most data are in
unstructured format, namely free-text clinical reports.
Therefore, manual chart review remains inevitable for
identifying patients and extracting features of interest;
however, because data sets are growing in size and
granularity, this method becomes increasingly ineffi-
cient and even prone to error.

Natural language processing (NLP) is a branch of
artificial intelligence that focuses on enabling com-
puters to process human language. This technique
could facilitate clinical research in this patient pop-
ulation by accelerating the throughput of free-text
clinical reports.® A variety of NLP approaches has
emerged ranging from statistical to deep learning—
based models, but the optimal approach for automating

The aim of this study was to provide a head-to-head
comparison of NLP techniques for biomedical text
analysis. Therefore, we have trained, evaluated, and
compared various NLP techniques regarding their
ability to process brain magnetic resonance imaging
(MRI) reports of patients diagnosed with brain me-
tastases and quantify the number of metastases present.
Although this study focuses on radiology reports and
patients with brain metastases, it provides a framework
for developing NLP models for automated medical text
analysis.

PATIENTS AND METHODS
Participants

The Research Patient Data Registry, which is a cen-
tralized clinical data registry maintained across the
Partners Healthcare Hospitals (Brigham and Women’s
Hospital and Massachusetts General Hospital), was
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queried for patients with known cerebral metastases by
using International Classification of Diseases, Ninth Revision
(ICD-9) code 198.3. Patients were included if they had
a radiologic diagnosis of cerebral metastases and a com-
plete free-text radiology report of the initial MRI brain ex-
amination. No follow-up reports were used because the
number of lesions documented in these reports might have
been distorted by treatment effects. This study was approved
by the Institutional Review Board of Partners Healthcare,
which waived the need for informed consent because of the
retrospective nature of the study.

Ground Truth

All selected reports were manually reviewed and annotated
by two independent medical students for the number of
metastases present by means of a binary classification
(single metastasis vtwo or more metastases). Each student
reviewer was blinded to the label generated by the other
reviewer, and no additional clinical information apart from
the text within the radiology report was provided. Conflicts
in labeling were resolved by a final reviewer. Consensus in
student classification was used to provide accurate labels
for the training and test data and also to replicate the way
chart reviews are performed in clinical research. Although
clinicians are commonly considered as being the most
appropriate for collecting clinical data, recent studies sug-
gest that the reliability of data collected by research assis-
tants is not inferior, especially for information with low clinical
complexity.?3

Development of an NLP Model

The goal of this project was to compare various NLP ap-
proaches on their ability to classify MRI brain reports into
those that describe a single metastasis versus those that
describe multiple metastases. The approaches and algo-
rithms used for this purpose can be classified into two broad
categories: a bag-of-words approach and a sequence-based
approach. The bag-of-words approach considers the relative
frequency of words in a document but ignores the order of
those words. Similarly, the algorithms trained according to
the bag-of-words approach in this project (logistic regression,
least absolute shrinkage, selection operator [LASSO] re-
gression, and multilayer perceptron) ignore the order of the
words as well. Because of the rapid developments in the
artificial neural network field, deep learning architectures
have emerged that can model spatial or temporal config-
urations of the input features, which allow for a sequence-
based NLP approach. These algorithms consider, for ex-
ample, whether words are close to each other or far away
from each other in the document. In this study, algorithms
trained and evaluated according to a sequence-based
approach included one-dimensional (1D)-convolutional neu-
ral networks, long short-term memory, and gated recurrent unit.

Preprocessing

The analysis of free-text reports required both generic
and approach-specific preprocessing steps as described in

2 © 2019 by American Society of Clinical Oncology

Table 1. Redundant or duplicate information (eg, time,
date, radiologist’s signature, and white spaces between
paragraphs) were cleaned from free-text reports, and
stemming was used to teach the algorithm the equiva-
lency between words with a similar lexical root and to
further reduce the vocabulary. These steps resulted in the
most parsimonious representation of the lexical meaning
in a text report.

Additional preprocessing steps for the bag-of-words ap-
proach included the n-gram technique and term frequency-
inverse document frequency vectorization.*® Because the
bag-of-words approach ignores the order of the words,
important word combinations can be missed. Therefore,
n-grams were constructed to join adjacent word combina-
tions and give them unique value and meaning. For ex-
ample, distinct words such as “midline” and “shift” can be
combined into the bigram “midline_shift”. The use of mono-,
bi-, and trigrams was included as a hyperparameter during
cross-validation. The term frequency-inverse document
frequency vectorization converts the text document into an
array of numbers that reflects the frequency of words in the
document relative to the frequency of these words across all
documents.

An embedding layer was created for all sequence-based
algorithms. In the embedding layer, a word can be rep-
resented by a vector of numbers instead of a single number.
These numbers represent the coordinates of the word in the
word embedding space. For example, the words “man”,
“woman”, “boy”, and “girl” could be located in the same
plane in the word embedding space but be separated by
dimensions related to sex and age. Word embedding allows
for the mapping of lexical relationships between individual
words and thus the statistical properties of a language.®
The embedding layer was trained on the training set in
a supervised fashion using a single perceptron as the
output node.

Training and Evaluation

The total data set was divided into training and hold-out test
sets in an 80:20 ratio. Five-fold cross-validation was per-
formed on the training set to optimize the hyperparameter
settings. The final models were evaluated on the hold-out
test set, which had not been used for preprocessing and
hyperparameter tuning in any form. The output of the NLP
models can be a predicted probability (between O and 1) or
a binary prediction (yes or no). On the basis of the type of
output, the performance of the classification was captured
in several parameters, including the area under the receiver
operating characteristic (AUROC) curve, accuracy, and
calibration.” The AUROC curve is a measure of discrimi-
nation and represents the probability that an algorithm will
rate cases higher than non-cases when two observations
are chosen at random. Accuracy represents the percent-
age of reports classified correctly when the output of the
model is binary. Logistic regression was considered as
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TABLE 1. Generic and Algorithm-Specific Preprocessing Steps
Preprocessing Step Explanation

Example

Generic preprocessing

Raw text report Unprocessed raw text reports

“

...Exam is somewhat limited secondary to motion artifact. There is
a 3.5 x 3.1 x 3.1 cm (tv by ap by cc) heterogeneously,
predominantly peripherally enhancing mass centered within the
right frontal lobe (series 13 image 87, series 14 image 9), which
corresponds to the mass lesion identified on the recent ct 1/22/
2010..."

Cleaning Removal of redundant information (eg, date, time,
radiologist’s signature, white spaces between
sections, punctuation between letters, and stop
words) and transformation to lowercase letters

...exam somewhat limited secondary motion artifact 3.5 x 3.1 x
3.1 cm tv ap cc heterogeneously predominantly peripherally
enhancing mass centered within right frontal lobe series 13 image
87 series 14 image 9 corresponds mass lesion identified recent
ct...”

Stemming Words with a similar lexical root are converged to
the same stem word. For example,
“heterogeneously” and “heterogeneity” are both
converged to “heterogen”.

...exam somewhat limit secondari motion artifact 3.5 x 3.1 x 3.1 cm
tv ap cc heterogen predominantli peripher enhanc mass center
within right frontal lobe seri 13 imag 87 seri 14 imag 9 correspond
mass lesion identifi recent ct...”

Preprocessing for bag-of-
words models*

n-gram construction Adjacent individual word tokens were combined in
mono-, bi-, and/or trigrams. In the example on
the right, the stemmed report is converted to
monograms and bigrams.

...exam exam_somewhat somewhat somewhat_limit limit limit_
secondari secondari secondari_motion motion motion_artifact
artifact artifact_3.53.53.5_xxx_3.13.13.1_xxx_3.13.13.1_cm
cm cm_tv tv tv_ap ap ap_cc cc cc_heterogen heterogen...”

TF-IDF word The relative frequency of individual word tokens in
vectorization each document was calculated. Each document
is represented by a vector, in which each number
corresponds with the relative frequency of certain
grams in the document.

[0.08497, 0.06189, 0.06895, 0.06642, 0.05214, 0.05105, 0.08855,

0.11227, 0.15729, 0.06813, 0.06677, 0.05419, 0.05193,
0.06535, 0.06875, 0.07164, 0.13677, 0.08250, 0.06798,
0.09174, ...]

Preprocessing for
sequence-based
modelst

Embedding layer An 8-dimensional embedding layer was trained and
added as the first layer of each model. Each word
in the document is represented by an 8-
dimensional vector.

Abbreviation: TF-IDF, term frequency-inverse document frequency.

[[0.12, 0.28, 0.14, 0.48, 0.98, 0.77, 0.21, 0.871,

[0.79, 0.66, 0.49, 0.49, 0.56, 0.39, 0.32, 0.51],
[0.54, 0.33, 0.84, 0.72, 0.34, 0.47, 0.12, 0.42], ...]

*Logistic regression, least absolute shrinkage and selection operator (LASSO) regression, and multilayer perceptron.
tOne-dimensional convolutional neural networks, long short-term memory, and gated recurrent unit.

a benchmark for comparison with all other algorithms.
The agreement between the predicted probabilities and
the observed prevalence was visually assessed in a cali-
bration plot and was numerically assessed according to
the calibration intercept and slope. A calibration intercept
of 0 and slope of 1 was considered a perfect calibration.
The NLP models were developed and evaluated in Python
version 3.6 (Python Software Foundation; http://www.
python.org) using the Keras and Scikit-learn libraries.®®
The difference in AUROC curves was evaluated by means
of the Delong test, and the difference in accuracy was
evaluated by means of the ¥ test in R version 3.3.3 (R
Core Team, Vienna, Austria; https://cran.r-project.org).
The Benjamini-Hochberg procedure was used to correct
for multiple testing. To promote the transparency and
reproducibility of our work, we have deployed the source
code on a publicly accessible GitHub repository (https://
github.com/jtsenders/nlp_brain_metastasis). In addition,
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a pseudocode is provided in Appendix Table Al, which
can be used to guide similar work in other clinical ap-
plications. The data sets generated and analyzed in this
study are available from the corresponding author on
request.

RESULTS

A total of 1,479 reports of patients treated in one of the two
Partners Hospitals were extracted by the Research Patient
Data Registry query and were eligible for inclusion in this
study. The annotated reports were divided into a training set
of 1,179 patients (79.7%) and a hold-out test set of 300
patients (20.3%). The mean discordance rate between
individual reviewers was 36.2%.

The AUROC curves on the hold-out test set of all six al-
gorithms ranged from 0.87 to 0.93 (Fig 1), and the overall
accuracies ranged from 64% to 87% (Table 2). By AUROC
curve, the 1D-convolutional neural network demonstrated
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the best performance, which was significantly better com-
pared with logistic regression (0.93 v 0.88; P =.02). Long
short-term memories demonstrated the best performance
in terms of overall accuracy, which was significantly better
compared with logistic regression (87% v64%; P < .001).
The calibration across all models varied widely, and only the
multilayer perceptron, gated recurrent unit, and LASSO
regression models included the intercept and slope values
for perfect calibration in their Cls (Fig 2; Table 3).

Human annotation of the hold-out test set was completed in
6 days, whereas the best algorithm required 39.6 ms for
training, after which it could classify the entire hold-out test
setin less than 0.8 ms on a central processing unit with four
cores (2.2 GHz Intel Core i7).

DISCUSSION

NLP constitutes a subfield of artificial intelligence that fo-
cuses on enabling computers to understand and process
human languages.* Machine learning is another branch of
artificial intelligence that focuses on enabling computer
algorithms to learn from experience.* At their intersection,
NLP harnessed with machine learning algorithms can learn
how to process language by training on a vast number of
labeled examples.'! Among various NLP methods, the bag-
of-words approach combined with a LASSO regression
model demonstrated the best overall performance in
extracting an equally distributed binary outcome from free-
text clinical reports.

NLP has already been explored for the analysis of radiology
reports for patients with brain tumors as well as other
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FIG 1. Receiver operating characteristic curves for all natural lan-
guage processing models. AUROC, area under the receiver operating
characteristic [curvel; ConvlD, one-dimensional convolutional
neural network; GRU, gated recurrent unit; LASSO, least absolute
shrinkage and selection operator; LSTM, long short-term memory;
MLP, multilayer perceptron.
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cancer types. Cheng et al'*? used NLP to analyze free-text
radiology reports for tumor status classification. Their
NLP model had 80.6% sensitivity and 91.6% specificity in
determining whether tumors had progressed, regressed,
or remained stable. NLP for the analysis of radiology
reports has also been explored in the context of other
cancer types, including hepatocellular carcinomas,!*-16
breast cancer,'”?° lung cancer,?'23 and other abdominal
or pelvic tumors.'12427 All studies that provided sufficient
insight into their modeling approach used a bag-of-words
approach. To our knowledge, this study presents the first
sequence-based NLP approach for analyzing free-text
radiology reports in oncology patients as well as the
first head-to-head comparison of sequence-based and
bag-of-words models for medical text analysis.

Several limitations of this study that underline common
barriers in NLP and machine learning modeling should be
mentioned. Labels are necessary for training and testing
algorithms, and human classification remains key for
generating labels in NLP tasks. Human classification,
however, remains prone to error, which underlines the
ambiguity of free-text clinical reports and the need for well-
trained NLP models. In this study, a consensus in human
classification was used as ground truth, which is a com-
monly used method to generate an approximation in the
absence of actual ground truth.?® This concept has already
been implemented in some frequently used machine
learning algorithms in which the majority vote of many weak
classifiers (eg, decision tree) can result in a single strong
classifier (eg, random forest) referred to as ensemble
learning.?® In this study, the complete data set was man-
ually classified to generate labels for training and testing.
However, when an NLP model will be used, only a minor
portion will be labeled manually to predict the labels on the
remaining data set. Because of the absence of labels in the
remaining data set, external validation may not be feasible,
and cross-validation remains the best approximation of
model performance. Finally, models trained on data from
single institutions might not generalize well to data from
external institutions. Rather than deploying ready-to-use
models, this study presents a framework for the develop-
ment of NLP models that supports the overarching goal of
automating the analysis of free-text clinical reports.

Medical jargon can be heterogeneous in nature and can be
expressed in various formats ranging from pathology and
radiology reports to operative and discharge notes. This
subset of unstructured data nonetheless follows a similar
set of reporting norms, and thus statistical principles, which
radically distinguishes this from human language used in
newspapers, legal documents, or social media.*° Although
this study focuses on patients with brain metastases and
radiology reports, it can serve as a proof-of-concept for
NLP of medical text. Therefore, the bag-of-words ap-
proach combined with a LASSO regression model may
have a strong potential for NLP in other patient populations,
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TABLE 2. Model Performance According to the AUROC and Accuracy, Compared With Logistic Regression as a Benchmark

NLP on Free-Text Radiology Reports of Patients With Brain Metastases

Model AUROC Curve 95% Cl P* Accuracy 95% Cl P*
1D-convolutional neural network 0.93 0.90 to 0.95 .02 85 81 to 88 < .001
LASSO regression 0.92 0.89 to 0.94 .02 83 80 to 87 < .001
LSTM 091 0.88 to 0.94 12 87 84 to 90 < .001
GRU 091 0.88 t0 0.93 .18 86 82 to 89 < .001
Logistic regression 0.88 0.85 t0 0.92 — 64 60 to 68 —
Multilayer perceptron 0.87 0.84 to 0.90 .36 80 76 to 83 < .001

Abbreviations: 1D, one dimensional; AUROC, area under the receiver operating characteristic [curvel; GRU, gated recurrent unit; LASSO, least
absolute shrinkage and selection operator; LSTM, long short-term memory.
*Corrected for multiple testing using the Benjamini-Hochberg procedure.

clinical reports, and outcome measures. However, the
nature of the NLP task of interest should align with the one
used in this study: extracting an equally distributed
concrete binary outcome from free-text clinical reports.
Within these boundaries, the presented NLP framework
has the potential to facilitate retrospective clinical re-
search by accelerating retrospective case identification
and data extraction.

LASSO regression demonstrated superior overall performance
among the bag-of-words models and 1D-convolutional neural
networks demonstrated superior overall performance among
the sequence-based models. Although their preprocessing
and analytical approaches differ, both algorithms provide
strong methods for regularization to avoid overfitting.3+2
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FIG 2. Calibration plot for all natural language processing models.
Conv1D, one-dimensional convolutional neural network; GRU, gated
recurrent unit; LASSO, least absolute shrinkage and selection op-
erator; LSTM, long short-term memory; MLP, multilayer perceptron.
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LASSO regression encourages simple models by penaliz-
ing the use of many coefficients, and convolutional layers
extract higher-level features by applying filters on local
regions of the input. Regularization is a key concept in
machine learning and seems to be vital for both bag-of-
words and sequence-based approaches in this NLP task as
well.2® Although sequence-based approaches harnessed
with recurrent and convolutional neural network architec-
tures demonstrated higher overall performance than most
bag-of-word approaches, their resultant models lacked the
interpretability of regression-based algorithms, demanded
longer training and prediction times, and required more
careful hyperparameter tuning.

When constructing an NLP model, the choice of algorithm
should be guided by the nature of the NLP task. If the NLP
model should be fast, interpretable, and effective on
a range of problems without tedious hyperparameter tun-
ing, a bag-of-words approach on the basis of a LASSO
regression algorithm can be ideal.3! If the order of the words
is important, as with follow-up notes over time or higher-
level relationships across distinct paragraphs, sequence-
based approaches might be preferential.>33* Similarly, the
metric of performance should align with the overarching
goal as closely as possible. For example, sensitivity can be
the metric of choice when comprehensiveness is the goal
and false positives are more acceptable. Conversely,
specificity might be preferred when predicted cases should
not be diluted with non-cases, and when false negatives
are more acceptable.

Future research should externally validate the current find-
ings, thereby exploring and comparing the utility of bag-of-
words and sequence-based NLP modeling in various pa-
tient populations, clinical reports, and outcome measures.
In this study, supervised learning methods were evaluated
to investigate the utility of NLP for data extraction of un-
ambiguous outcomes, but future studies can also focus on
extracting higher-level concepts, such as the patient's
survival probability or perception of quality of life. Although
it remains questionable to what extent NLP can extract this
information from clinical reports, it has the potential to pick
up undetected patterns related to these outcomes. Fur-
thermore, exploring the use of unsupervised learning in the
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TABLE 3. Model Performance According to the Calibration Slope and Intercept

Calibration

Model Slope 95% CI Intercept 95% ClI

1D-convolutional neural network 0.90 0.81 to 1.00 0.03 -0.04 to 0.09
LASSO regression 1.06 0.95to 1.17 -0.06 -0.14 to 0.01
LSTM 0.86 0.78 to 0.95 0.05 -0.02 to 0.11
GRU 0.92 0.83 to 1.02 -0.02 -0.09 to 0.05
Logistic regression 4.57 3.94 10 5.20 -2.19 —2.57 10 -1.80
Multilayer perceptron 1.14 0.98 to 1.29 -0.01 -0.10 to 0.08

NOTE. A calibration intercept of O with a calibration slope of 1 is considered as perfect calibration. Models that include these values in their Cls

are highlighted in bold.

Abbreviations: 1D, one dimensional; GRU, gated recurrent unit; LASSO, least absolute shrinkage and selection operator; LSTM, long-short

term memory.

absence of a prespecified outcome of interest might help
identify natural but unknown clusters within the data. Fi-
nally, future studies should consider the implications of
automated medical text analysis parallel to the develop-
ment of these techniques. NLP has the potential to increase
the scale and velocity at which data sets can be assembled,
labeled, and analyzed; however, the increase in efficiency
can come at the cost of transparency. Lack of transparency
incurs the risk of large-scale misinterpretations of automati-
cally assembled data sets. Therefore, researchers should
balance the yield of automated medical text analysis against
the risk and consequences of potential misclassification.
Establishing standards for model evaluation, as well as
a minimal threshold for model performance, might help in
estimating and mitigating this risk. Although the heterogeneity
across NLP endeavors in health care might limit the estab-
lishment of uniform standards, defining general guidelines
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APPENDIX

Table A1. Pseudocode Used in This Study

All Models

Step 1: Data import and general preprocessing

A. Import data frame with three columns containing the patient
identifier, group label, and original clinical report.

B. In the original report column, subsequently

a. Remove all redundant information (date, time, physician’s
signature, white spaces between sections, and punctuation
between letters) and transform all letters to lowercase letters.

b. Remove all English stop words except “no” and “not”

c. Apply Porter stemmer algorithm

C. Divide the stemmed reports into a training and test set in an 80:
20 ratio

Step 2: Approach specific preprocessing

Bag-of-Words Models

Sequence-Based Models

A. Apply the TF-IDF-vectorizer on the stemmed reports

A. Apply tokenizer

B. Vectorization

A. C. Apply zero padding
A. D. Train an embedding layer on the vectorized reports
A. E. Use this embedding layer as the base layer in each

sequence-based model

Step 3: Hyperparameter tuning

Perform five-fold cross-validation on the training set to optimize the
following hyperparameters:

Perform five-fold cross-validation on the training set to optimize the
following hyperparameters:

A. TF-IDF vectorization hyperparameters

A. Preprocessing hyperparameters

a. N-gram range

a. Max vocabulary size in tokenizer

b. Max features

b. Max report length

c. Dimensions embedding layer

B. Algorithm hyperparameters

B. Algorithm hyperparameters

a. Logistic regression, no tunable hyperparameters

a. Conv1D: No. of layers, No. of filters, filter size, size of max
pooling layer, 11 and |12 regularization, and dropout rate

b. LASSO regression, 11 and 12 regularization

b. LSTM, No. of layers, No. of nodes per layer, dropout rate

c. Multilayer perceptron, I1 and |2 regularization, No. of layers,
No. of nodes per layer, and dropout rate

c. GRU, No. of layers, No. of nodes per layer, dropout rate

C. Train final models with optimal hyperparameter settings on total
training set

C. Train final models with optimal hyperparameter settings on total
training set

(Continued on following page)
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Table A1. Pseudocode Used in This Study (Continued)
All Models

Step 4: Evaluate model performance on hold-out test set.

All models

A. Load all final models

B. Predict outcome labels in hold-out test set as

a. Probabilities (between O and 1)

b. Outcome class (0 or 1)

C. Use the predicted probabilities and observed outcome classes to

a. Plot a receiver operating characteristic curve

b. Calculate an AUROC curve with a 1,000-fold bootstrap Cl

c. Plot a calibration plot

d. Calculate the calibration intercept and slope with logistic
regression

D. Use the predicted and observed outcome classes to

a. Calculate the classification accuracy with a 1,000-fold
bootstrap Cl

E. Calculate statistical differences in model performance in terms of
AUROC curve and classification by means of the DelLong test
and y? test.

Abbreviations: AUROC, area under the receiver operating characteristic [curve]; Conv1D, one-dimensional convolutional neural network;
GRU, gated recurrent unit; LASSO, least absolute shrinkage and selection operator; LSTM, long short-term memory; TF-IDF, term
frequency-inverse document frequency.
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