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Abstract. Radiology reports has a significant role in disease diagnosis and man-
agement process. On some cases radiology report may indicate a critical finding on
which the doctor attending the patient must take an immediate action. Detection of
such cases from radiology reports automatically and thus very quickly using Artifi-
cial Intelligence, particularly Natural Language Processing, models is very impor-
tant and may save lives. This is a novel study to detect critical findings in the context
of brain hemorrhage detection on Turkish radiology reports. We use about 30.000
labeled Brain Hemorrhage Computed Tomography (CT) reports for the training
of supervised models and about 190 thousand reports for the pre-training or fine-
tuning of language models and embedding models. To the best of our knowledge,
this is the first study to use large scale of Turkish radiology reports. Furthermore,
we show the affect of fine-tuning on pre-trained language models and static embed-
dings on the performance, concluding that fine-tuning using domain specific data
improve classification performance.
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1. Introduction

Due to the ever increasing workload of the health systems, physicians can spare less time
on average to diagnose the patients. As a result there is a high demand for systems that
support physicians. Radiology imaging plays an important role in the diagnosis and dis-
ease management. However, radiology requests disrupts the process as the doctor usually
take care of other patients while waiting for the radiology results in the form of both the
image and the radiology text report. Critical findings may not be handled quickly due to
the high work load of the physician. In this study, we primarily tackle this problem by
developing a deep learning based classifier to detect critical findings in radiology reports
of the patients who require immediate attention of the physician in the context of brain
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hemorrhage. Essentially, we use reports of brain Computed Tomography (CT) scans, and
we focus the reports of patients diagnosed with cerebral hemorrhage in the preliminary
or final diagnosis in the TeleRadiology2 system of the Turkish Ministry of Health. The
task of prioritizing critical brain hemorrhage patients has been covered in the literature
by studying different modalities of data. For instance, Ertuğrul et al. [1] and Guo et al. [2]
use CT images for classifying different types of brain hemorrhage. Critical case detection
from radiology reports is also studied, yet with different grounds. For example, Karthik
et al. [3] survey studies on brain ischemic stroke detection using deep learning. The sur-
vey involves a comparison between 35 studies that obtain data with different imaging
techniques. In another similar study for critical case detection, authors detect the survival
probability on heart failures using the clinical BERT representations [4]. There are sev-
eral studies which develops classification models for radiology reports. Kim et al. [5] in-
troduce a multi-label classification model using a subset of MIMIC-III [6] dataset. They
compare their method with several traditional machine learning and deep learning based
classifiers such as LSTM, CNN. One interesting note from this study is that the human
annotaters inter-agreement rates are not as high as believed, and therefore machine learn-
ing classifiers may actually exceed the performance of humans. Olthof et al. [7] provide
a comparison of several deep learning classifiers with transformer based language model
BERT,and conclude that BERT outperforms others on two datasets; Traumatic Fracture
and Chest data.

There are relatively few studies on Turkish radiology reports. Although they worked
medical publication abstracts instead of radiology reports, one interesting study by
Çelikten et al. [8] provide a comparison between Multilingual BERT and Turkish BERT
(BERTurk) models in the classification context and report better results for Turkish pre-
trained BERT model. Bayrak et al. studied Epilepsy classification using bi-LSTM on
small dataset of radiology reports from MRI. [9].

Our contributions can be summarized as follows: 1) An implementation for the crit-
ical non-traumatic hemorrhage detection from radiology reports. 2) A comparison be-
tween the baseline pre-trained FastText [10] and BERT [11] language models and task-
specific fine-tuned variations of them. 3) One of the first studies to train deep learning
models on large textual dataset consist of Turkish radiology reports.

2. Methods

In order to create our labeled dataset for supervised machine learning models, we focus
brain CT reports labeled using 10th version of the International Classification of Diseases
(ICD-10) diagnostic codes. There are two ICD-10 codes for a report, one for preliminary
diagnosis by the doctor before the diagnostic imaging and final diagnosis after examin-
ing the images and radiology report. For our dataset, reports obtained for the patients
with a preliminary diagnosis of cerebral hemorrhage indicated with following ICD-10
codes; I60, I61, I62. From preliminary diagnosis codes we obtain about hundred thou-
sand reports for brain hemorrhage. The reports whose preliminary and final diagnoses
codes match are labeled as positive. Those are the critical cases since detecting brain
hemorrhage requires instant attention of the attending physician to take immediate ac-

2Known as TeleTıp system https://teletip.saglik.gov.tr/
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tion like transferring the patient to the intensive care unit, surgery, etc. After removing
the duplicate and noisy reports, we have 15697 (Positive) and 21819 (Negative) reports.
We use 20% of the labeled data as the test set and the rest is split between training and
validation with the ratio 80% : 20%.

Figure 1. Formation procedure of the dataset.

Figure 1 shows the process of the labeled dataset formation for the training and
evaluation of supervised machine learning based classification models.

For the unsupervised part, we use several neural language models for static and con-
textual word embeddings / dense distributed representations. For these models, we cre-
ated a unlabeled dataset of about hundred ninety thousand radiological reports randomly
chosen from brain and thorax CTs3. These are used for pre-training and fine-tuning of
these unsupervised models.

One of our main purposes in this study to observe the affect of embedding models in
the performance of deep learning models. Therefore we use the same classifier with the
fixed hyper-parameters along the experiments, namely Bi-directional Long-Short Term
Memory (BiLSTM) [12], [9], [13] and [14]. So all the other conditions, such as the data
and hyper-parameters are constant, we change the embedding method and observe its
affect on the performance of the classifier. A similar approach can be seen in [13]. A
fully connected layer is constructed right after the embedding layer, and followed by
an output layer of two neurons in which softmax is used [14]. A single BiLSTM layer,
0.5 recurrent dropout for BiLSTM layer, 0.4 dropout for the fully connected layer, 128
LSTM units, ADAM optimizer, learning rate 0.001 with no L2 penalty similar to [13],
[9], [12]. All the classification trials was trained for 4 epochs as in .

As the embedding layer of the bi-LSTM we use following alternatives: 1) fastText
pre-trained model for Turkish on common crawl 4 2) fastText model trained from scratch
using our unsupervised dataset of 190 thousand radiology reports 3) BERT pre-trained
model for Turkish5 4) BERT pre-trained model for Turkish (as in 3) but fine-tuned as
masked language model using our unsupervised dataset of about 190 thousand radiol-
ogy reports 5) BERT pre-trained model for Turkish (as in 3) but fine-tuned as masked
language model using training set portion of the supervised dataset of about 37 thou-
sand reports (80% of this is used as training set). Furthermore, we also observe the affect

3Random sampling for thorax reports excluded COVID related ones indicated by U07.3, U07.1, U07.2 and
U07.

4The publicly available model in the official fastText website https://dl.fbaipublicfiles.com/fasttext/vectors-
crawl/cc.tr.300.bin.gz

5The publicly available model https://huggingface.co/dbmdz/bert-base-turkish-uncased
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Pre-trained Embedding Layer Cased Uncased Freezed
FastText common crawl 55.42 54.10 No
FastText common crawl 53.77 55.53 Yes
FastText pre-trained on 190k Rad unsupervised reports 54.14 55.02 No
FastText pre-trained on 190k Rad unsupervised reports 54.27 56.68 Yes

bi-LSTM Embeddings (without pre-trained embeddings) 65.45 68.06 No

BERT Base 68.03 69.17 Yes
BERT Fine-tuned on training reports 70.53 72.01 Yes
BERT Fine-tuned on 190k unsupervised reports 73.31 72.27 Yes

Table 1. F1 results of bi-LSTM classifier with different embedding layers for Turkish radiology report
classification.

of freezing embedding layer for the fastText embeddings. We use F1 (a.k.a. F-measure)
score as our main evaluation metric which is the harmonic mean of precision and recall.
F1 scores are averaged among classes, that we are reporting the macro average F1.

3. Experiment Results

Our experiment results are mainly given in Table 1. We show the affect of using different
embeddings in bi-LSTM in terms of F1 scores in this table. The second and third columns
show the version of the training set. ”Cased” shows the results of the original dataset. On
the other hand, ”Uncased” shows the results of the dataset that is converted to lowercase.
Fourth column indicates if the embedding layer of the bi-LSTM is freezed or not. If
it is freezed then the embedding layer values are not updated by the backpropagation
algorithm.

4. Discussion

As can be seen from 1 the choice of embedding method has a drastic affect on the per-
formance of the bi-LSTM. Among the fastText results we can see that pre-training with
large amounts of domain specific data may yield a slightly better results. However, the
fastText results with different parameters of cased and uncased data usage and freezing
the embedding layer results in pretty close F1 values. When we look at the overall results,
as expected, BERT contextual embeddings works better than static embeddings of fast-
Text. BERT related experiments show that fine-tuning the general Turkish model with
large amounts of unsupervised domain specific data makes a difference. The difference
is most visible when we fine-tune BERT with smaller but labeled domain specific data.
That is where we obtain the best F1 result of 73.31%.

5. Conclusion

We develop a novel deep learning based classification model critical finding detection in
the context of brain hemorrhage diagnosis on large corpus of Turkish radiology reports.
Furthermore, we analyze the affect of pre-trained static and contextual word embeddings
on the performance of bi-LSTM classifier in this domain. Our experiments show the
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fine-tuning of general pre-trained language model in Turkish with domain specific data
improve the performance considerably. In the future, we plan to examine the impact of
cross-language transfer learning on critical finding detection task. In addition, we aim to
focus on maximizing the critical finding classification performance by hyper-parameter
optimization, employing different architectures and deep learning models to develop a
practical classification system. This, of course, may require an explainable system to
verify the correctness of decisions of the model as in [4].
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