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Abstract—Deep learning algorithms, in particular long short-term
memory (LSTM), have become an increasingly popular choice for natural
language processing for a variety of applications such as sentiment
analysis and text analysis. In this study, we propose a fully automated
deep learning algorithm which learns to classify radiological reports for
the presence of intracranial hemorrhage (ICH) diagnosis. The proposed
automated deep learning architecture consists of 1D convolution neural
networks (CNN), long short-term memory (LSTM) units and a logistic
function which was trained and tested on the large dataset of 12,852
head computed tomography (CT) radiological reports. The architecture
extracts semantically co-located features using 1D CNNs, the sequential
structure of features using LSTM, and finally detects ICH using a logistic
function. The receiver operator characteristic (ROC) curve is generated
as a metric to test the classification performance of the architecture.
The model achieved an area under the curve (AUC) of the ROC
curve of 0.94. The promising results suggest that modern deep learning
based algorithms are capable of extracting diagnosis information from
unstructured medical text. The purpose of this paper is to label 27,148
radiological reports automatically to reduce human error, cost, and time.

Index Terms—Natural Language Processing, Deep Learning, CNN,
LSTM, Classification, Automatic Labeling, Health Care.

I. INTRODUCTION

Deep learning methods, in particular convolutional neural networks
(CNNs), are becoming important due to their capacity to tackle
complex learning problems. CNNs were originally introduced for
image analysis tasks [1]. The convolutional structure allowed to
exploit the natural correlation existing in adjacent pixels to reduce
the number of parameters to learn. The kernels learned from a CNN
network reflected the image features that seemed important to perform
the particular classification task. This premise was then applied to
other data types such as natural language processing [2], signal
processing [3], and speech recognition [4]. Two-dimensional CNNs
have become increasingly popular for computer vision applications
such as object detection [5] , object localization [6], and segmentation
[7].

Lopez et al. [2], Yin et al. [8], Shen et al. [9] reported the use of 1D
CNN along with LSTM for text classification where CNN is useful
to extract the spatial invariant feature and LSTM, is a special type
of recurrent neural network (RNN), suitable for language modeling
(LM) [10]. CNN-LSTM architecture can effectively capture the
spatial and sequential information in English-language tweets [11].
An LSTM is surprisingly efficient in storing information regarding
a very long sequence of words which makes it a popular choice
for LM [12]. One notable drawback of LSTM is that it cannot
maintain the local structural information which makes it prone to
over-fitting [4]. Thus, the neural network with 1D CNN and LSTM
could potentially address this issue by extracting features [8] and
storing long sequential information of words. In this study, we explore
a deep neural network architecture with a 1D CNN and LSTM for the
radiological report classification for ICH diagnosis. ICH is a highly
critical condition with high mortality rate in the first 24 hours and
is mostly diagnosed based on head CT studies. Radiologists reading

such studies communicate their interpretation typically in a narrative
form as an unstructured textual report. However, designing an algo-
rithm for such report labeling is challenging given the subjectivity
of radiological narratives and variety of forms a negative or positive
ICH diagnosis is reported. Pons et al. [13] studied the various natural
language processing techniques to extract useful information for the
clinical care and supportive further potential research using radiology
reports. In this paper, we propose a robust algorithm for radiological
ICH report classification inspired by the state-of-the-art deep learning
methodology.

For a supervised learning algorithm, good quality ground truth is
required to train a classifier for the best predictive performance. Shin
et al. [14] successfully implemented deep learning algorithms using
CNN for the radiological report ICH classification for five categories
based on the ground truth annotated by two experienced radiologist
and examined by a radiologist for the five class classification. Shin
et al. [14] also reported that deep learning architecture using CNN
attention model outperforms the random forest, logistic function
and support vector machine. However, in this paper the 12,852
radiological report were labeled by a graduate student, and the quality
of ground truth is inferior than the label generated by a radiologist.
We ask the question, can we learn the high quality ICH radiological
features labeled by the graduate student using the 1D CNN followed
by LSTM and use the model to label new radiological reports? Shin et
al. [14] used CNN network with attention model for the radiological
report classification. However, we added a LSTM network to the 1D
CNN to extract the sequential information as well. Joulin et al. [15]
reported that CNN can effectively capture the visual features in wide
range of visual problems using weakly supervised data. Joulin et al.
[15] reported that the CNN was effective to produce the accurate
caption to the image though trained on noisy labeled dataset. In this
paper, we introduced the deep neural network with 1D CNN and
LSTM to capture the spatial and sequential information related to
the ICH diagnosis in the radiological report annotated by a graduate
student, and label future reports for supportive researches.

II. METHOD

In this paper, we explored and evaluated various ICH deep learning
classifiers with combination of two networks: 1D CNN and LSTM.
A 1D CNN is a deep neural network model that extracts spatial local
features of words in one dimension [16] with a convolutional kernel,
and max pooling layer. Following the 1D CNN, LSTM was added to
the network to extract sequential features from the radiological report.
A LSTM is a type of recurrent neural network (RNN). A simple
RNN is an neural network module that is unrolled to different time
steps. That makes RNN useful for text processing where sequential
information becomes important. In practice, it is not uncommon to
observe poor performance of simple RNNs due to vanishing gradient
in a long sequence of words [10]. LSTM is introduced to address
the vanishing gradient problem. An LSTM adds cells to a RNN that



gives it more control over memory. The cell inside the LSTM takes
into account both the previous and the current inputs. Internally, these
cells are responsible to make a decision on the amount of information
to discard or keep. This structure of cells makes it very efficient to
capture long-term dependency of the sequence of words. There are
various types of LSTM architectures such as many to many, many to
one, one to many, and one to one. A many to one LSTM architecture
(which we used in this work) is suitable for the classification task. The
logistic function at the last LSTM module is responsible to classify
radiological report for presence of ICH.

Fig. 1: Architecture used in ICH classification using 1D CNN and
LSTM. The tokenized narrative words with length 50 was fed to 1D
CNN-LSTM network where 1D CNN extracts spatially co-located
features in one dimensional, and LSTM extracts sequential features
from radiological reports.

The following equations governing the behavior of LSTM module
show how vanishing gradient problem is addressed:
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U and W are the filter matrices connecting to different gates.
xt, ht, and ot are the input state, hidden state, and output state at
time t respectively. it, ft, ot are called the input, forget and output
gates, respectively. The input gate decides the amount of information
of the current input to pass through the network. The forget gate
decides how much information of the previous state to pass through
the network. The output gate decides how much information of the
internal state to pass to the external network. c̃t is the hidden state
that is calculated based on the current input state and the previous
hidden state. ct is the internal memory unit which is an addition
of the previous memory ct�1 times the forget gate, and the hidden
state c̃t times input gate. Thus, it is a combination of how much
information is to combine from the previous memory and the new
input. The network can choose to ignore the old memory completely
when all forget gates equal to zero or ignore the new memory state

Fig. 2: A typical architecture of LSTM module. s represents a
sigmoid function, and colored x represents the element-wise mul-
tiplication. i, o, f, h, c are input gate, output gate, forget gate, hidden
gate, and cell respectively.

completely when all input gates equals to zero. We finally compute
the output of hidden state ht, multiplying ct with the output gate.
The detailed architecture is shown in Figure 2.
The architecture of 1D CNN was completely different than the
LSTM described above. The 1D CNN consists of two components:
convolutional filters and a max pooling layer. A filter of size k
combines k text words at a time to extract features. The filter is
termed as a convolutional kernel. The max pooling layer followed
by the kernel swept through the entire sentence makes the network
invariant to translation and small rotation [17]. Finally 1D CNN-
LSTM network was trained by minimizing the loss function (7).
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where N is the number of training radiological samples and yi

and Xi are ith label and text respectively.

III. EXPERIMENT

A. Dataset

The 40,000 unlabeled head CT radiological reports and correspond-
ing CT images were collected retrospectively from Geisinger Health
System, Danville, PA, USA, a regional based health system. The
subset of dataset were annotated by a graduate student. The labeled
dataset consists of 12,852 radiological reports with 10,966 with
negative ICH diagnosis and 1,886 with positive ICH diagnosis. The
data distribution of two classes is highly imbalanced that introduces
some challenges to train a generalizable supervised classifier and can
be addressed with suitable choice metric such as ROC curve. The
dataset was divided into 8,738, 1,543 and 2,571 reports for training,
validation and test purposes respectively.

B. Text Processing and vector representation

Each radiology report was typically divided into three subsections.
In each report, the first subsection contained the patient information
such as name, age, gender. The second subsection contained the radi-
ologist information such as name, date and time of an appointment.
The third subsection was related to radiologist narratives on variety
of forms with a negative or positive ICH diagnosis with average
word length 100. The third section of some reports subsectioned as
summary, some of reports subsectioned as impression and some of



report subsectioned as conclusion. The text processing started with
extraction of all the text from radiologist narrative under conclusion,
summary, and impression subsection (other subsections were dis-
carded). The punctuation marks (’?’,’:’ etc ), stop words (except not,
no), name, date, and age were removed from those subsection. The
average count and standard deviation of tokenized ICH narrative were
41 and 36 respectively. After tokenization, each token was converted
to a numeric vector using word to vector representation, better known
as word2vec [18]. The word embedding network is trained with
original implementation of word2vec using continuous bag of words
implementation (CBOW). We trained the word embedding network
with the train (8,738) and validation (1,543) dataset. The test reports
were not included in the word embedding training network while
training. We generated a 300 dimensional vector representation of
each word using word2vec algorithm. The word2vec takes a few
hyper-parameters, and we set window size of context words, vector
dimension of word, minimum count of word, number of iterations
equal to 7, 300, 10, and 25 respectively. The words in the test
radiological reports may not be seen by the word embedding network.
The word2vec model set an unseen word to a 300 dimensional zero
vector. In word2vec representation, semantically similar words live
closer compared to dissimilar words in the high dimensional word
representation space in terms of cosine distance [18]. The optimal
length of word fed to the 1D CNN-LSTM architecture was 50. The
optimal length of word was calculated between the search space
defined by average count and average count plus standard deviation of
tokenized word. We capped the maximum length of tokenized input
words to 50 (truncated if more than 50, padded with zeros if less than
50) and fed to word2vec network before fed to the 1D CNN-LSTM
network.

C. Proposed Classification Algorithm

The radiological report narrative, the input in figure (1), did not
explicitly mention the absence or presence of ICH diagnosis, and
generally demands expert radiologist [9]. The simple key word search
like ”ICH” was not sufficient for ICH classification where average
length of narrative was 100. The quality of ground truth annotated by
the graduate student was even inferior to the radiologist. This paper
introduced a complex deep learning architecture with combination
of 1D CNN, LSTM, and logistic function (figure 1). The 1D CNN
consisted of 32 convolutional filter with the filter kernel size 1⇥3 and
max pooling layer with polling size 2. The vectorized 50 words with
300 dimensions was fed to the 1D CNN to extract spatially co-located
features. These features were the inputs to the LSTM to extracts
the sequential features in the reports. The drop out was applied to
the LSTM to minimize over-fitting [19]. The logistic function at the
final layer of the LSTM modules was responsible for the radiological
ICH report classification. The probabilistic value of prediction of the
network was read out from the logistic function. Those probabilities
were used to generate the receiver operating characteristic (ROC)
curve [20], precision, recall & f1-score. The ROC curve was used
as a metric to assess the classification performance of the proposed
network over its entire operating range.

D. Training

Shin et al. [14] used the CNN architecture for radiological report
classification. Since, LSTM is useful to extract sequential information
from the text [12]. We added LSTM to the CNN architecture in this
paper, which was trained, validated and tested by splitting the dataset
into three groups, train (8,738 reports), validation (1,543) and test
(2,571). We trained the model on train dataset and validated on the

validation dataset, proxy to the test set, and picked the set of hyper-
parameters corresponding to lowest classification error. We searched
hyperparameters such as learning rate, dropout, number of filter, and
the size of kernel in 1D CNN and size of hidden units in LSTM
layers using grid search. Adam optimization algorithm was used to
train the proposed network [21]. The hyperparameters sets used in the
1D CNN-LSTM network was {convolutional filter=32, convolutional
kernel size=1 ⇥ 3, pooling size=2, LSTM hidden unit=300, drop
out=0.6, learning rate=0.001, optimizer=Adam, �1,�2 = 0.9, 0.999,
batch size=64, epochs=25}. A class weight function is also introduced
while training the network, where more weight was given to the ICH
class than non-ICH class. The class weight function looks at the
distribution of positive and negative samples and produces weights
to equally penalize under or over-represented classes to minimize the
problem due to imbalance class distribution [22].
The ROC curve is a suited metric to evaluate the performance of clas-
sifier in the field of the medical imaging analysis[20] where dataset
are often unbalanced. In addition to the ROC curve, we generated the
metric table with precision, recall, f1-score to carefully analyze the
performance of the classifier. The area under the ROC curve (AUC)
is a scalar metric to measure of classifiers performance. The higher
the value of AUC, the better the performance of the classifier. For
each architecture, the classifier performance was evaluated using the
AUC of the ROC curve. We generated the precision, recall, f1 score
report as well.

E. Results

First, we investigated the effectiveness of the word2vec results by
checking most similar words to specific terms. For example, the
top 10 closest words to the term ”hemorrhage” along with their
relevancy were: (’hemorrhages’, 0.54), (’blood’, 0.46), (’hematoma’,
0.43), (’pathology’, 0.38), (’abnormalities’, 0.37), (’hematomas’,
0.37), (’abnormality’, 0.34), (’bleed’, 0.31), (’hemorrhagic’, 0.25),
(u’pneumocephalus’, 0.25). It is evident that all the relevant terms
are effectively captured by the word embedding word2vec network.

The results of the proposed algorithm are summarized in the
ROC curve illustrated in Figure 3. The AUC is 0.94 which is very
promising. The recall, precision and f1- score of the classifier are
shown in Table I.

Precision Recall f1-Score Support

0 0.96 0.95 0.95 2189
1 0.72 0.75 0.74 389

Avg 0.92 0.92 0.92 2571

TABLE I: Precision, recall, f1- score and support

IV. CONCLUSION & DISCUSSION

In this paper, we proposed the mixture of 1D CNN and LSTM
architecture for the radiological reports ICH diagnosis with promising
results (0.94 AUC). The proposed model surprisingly capable to
classify ICH diagnosis better than the graduate student though the
model itself trained on the report annotated by the same person. We
have found that CNNs are capable to extract key features of ICH even
in inferior ground truth, and is already proven in computer vision
problem using weakly labeled dataset [15]. To our knowledge, this is
one of the first example of implementation of 1D CNN and LSTM
for future radiological reports labeling for the supportive research
[23]. This work is a step toward fully automated systems capable of



Fig. 3: ROC curve for the ICH radiological classification

extracting phenotypic information out of unstructured medical text.
The goal of this paper was to design an automated CT scanner that
detects an ICH and red flags an urgent case for the hospital clinical
workflow integration to improve a patient care [24]. That required
the labeled 40,000 head CT images corresponding to 40,000 ICH
reports described earlier. In this paper, the first 12,852 manual labeled
radiological reports was used to develop the 1D CNN-LSTM network,
and the network was later used to label the last 27,148 reports.
The labeled 40,000 CT image corresponding to the reports (12,852
manual labeled and 27,148 automatic labeled by the 1D CNN-LSTM
network) was used to develop the deep 3D CNN for ICH detection
with AUC of 0.87 [23]. This may be a step toward improved clinical
output [24]. The proposed 1D CNN-LSTM will be applied to future
radiological reports to generate labels to corresponding CT images
collected from the Geisinger Health System facilities to increase
the sample size. The accuracy improvement is expected with more
number of samples [23].
In the current work, the manual labels were used as the ground truth
to train the proposed model. However, it is well studied that manual
labeling is an error prone process. Labeling each report by multiple
people would potentially reduces this limitation. This confirms the
use of CNN and LSTM can provide the advantage of annotating the
data not biased toward solving specific problem and less error prone.
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