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Abstract. The aim of this research is to report initial experimental results and
evaluation of a clinician-driven automated method that can address the issue of
misdiagnosis from unstructured radiology reports. Timely diagnosis and report-
ing of patient symptoms in hospital emergency departments (ED) is a critical
component of health services delivery. However, due to disperse information
resources and vast amounts of manual processing of unstructured information, a
point-of-care accurate diagnosis is often difficult. A rule-based method that
considers the occurrence of clinician specified keywords related to radiological
findings was developed to identify limb abnormalities, such as fractures. A da-
taset containing 99 narrative reports of radiological findings was sourced from a
tertiary hospital. The rule-based method achieved an F-measure of 0.80 and an
accuracy of 0.80. While our method achieves promising performance, a number
of avenues for improvement were identified using advanced natural language
processing (NLP) techniques.
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1 Introduction

The analysis of x-rays is an essential step in the diagnostic work-up of many condi-
tions including fractures in injured Emergency Department (ED) patients. X-rays are
initially interpreted by the treating ED doctor, and if necessary patients are appropri-
ately treated. X-rays are eventually reported on by the specialist in radiology and
these findings are relayed to the treating doctor in a formal written report. The ED,
however, may not receive the report until after the patient was discharged home. This
is not an uncommon event because the reporting did not occur in real-time. As a re-
sult, there are potential delays in the diagnosis of subtle fractures missed by the treat-
ing doctor until the receipt of the radiologist’s report. The review of x-ray reports is a
necessary practice to ensure fractures and other conditions identified by the radiolo-
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gist were not missed by the treating doctor. The review requires the reading of the
free-text report. Large “batches” of x-rays are reviewed often days after the patient’s
ED presentation. This is a labour intensive process which adds to the diagnostic delay.
The process may be streamlined if it can be automated with clinical text processing
solutions. These solutions will minimise delays in diagnosis and prevent complica-
tions arising from diagnostic errors [1-2]. This research aims to address these issues
through the application of a gazetteer rule-based approach where keywords that may
suggest the presence or absence of an abnormality were provided by expert ED clini-
cians. Rule-based methods are commonly used in Artificial Intelligence [3-5]. Studies
have shown that rule-based methods can be applied for identifying clinical conditions
from radiology reports such as acute cholecystitis, acute pulmonary embolism and
other conditions [6]. The purpose of these methods is to simulate human reasoning for
any given information processing task to achieve full or partial automation.

2 Related Work

Previous studies that focused on the problem of identification of subtle limb frac-
tures during the diagnosis of ED patients showed that about 2.1% of all fractures were
not identified during initial presentation to the Emergency Department [7]. A similar
study about radiological evidence for fracture reports that 1.5% of all x-rays had ab-
normalities that were not identified in the Emergency Department records [8]. Further
research also reported that 5% and 2% of the x-rays of the hand/fingers and ankle/foot
from a pediatric Emergency Department had fractures missed by the treating ED doc-
tor [9]. These small percentages of incidences may have significant impact on the
overall patient healthcare as these missed fractures may develop into more complex
conditions. Timely recognition of fractures is therefore important. There have been
efforts to automatically detect fractures and other abnormalities from free-text radiol-
ogy reports using support vector machine (SVM) and machine learning tech-
niques[10-11]. Even though the results of machine learning based classifiers show
high effectiveness, their applicability in clinical settings may be limited. Machine
learning methods are data—driven, and as a result, if the training sample is not a repre-
sentative selection of the problem domain, then the resulting model will not general-
ise. In addition, machine learning approaches are required to be retrained on new
corpora and tasks and collating training data to build new classifier models can be a
timely and labour intensive process. These issues provide the motivation for the in-
vestigation of rule-based methods which have the ability to model expert knowledge
as easily implementable rules.

3 Methods

A set of 99 de-identified free-text descriptions of patient’s limb x-rays reported by
radiologists were extracted from a tertiary hospital’s picture archiving and
communication system (PACS). An ethics approval was granted by the Human



Research Ethics Committee at Queensland Health to use this data. The average length
of free-text reports is about 52 words with total 930 unique words in the vocabulary.
Some reports are semi-structured, with section headings such as “History”, “Clinical
Details”, “Findings”, appearing in the text.

3.1 Ground Truth Development

One ED visiting medical officer and one ED Registrar were engaged as assessors to
manually classify the patient findings. Findings were assigned to either one of the
following two classes: (1) “Normal”, means identifying no fractures or dislocations
and (2) “Abnormal”, identifying the presence of a reportable abnormality such as
fracture, dislocation, displacement etc., which requires further follow-up. To gather
ground truth labels about the data, an in-house annotation tool was developed. This
tool allowed the assessors to manually annotate and classify the free-text reports into
one of the two target categories. The two assessors initially agreed on the annotations
of 77 of the 99 reports and disagreed on the remaining 22 reports. The disagreed
reports were resolved and validated by a senior Staff Specialist in Emergency
Medicine, who acted as a third assessor.

32 Rule-based classifier

A rule-based classifier was developed and implemented with rules as a set of key-
words extracted from the x-ray reports assessment criteria as documented by the cli-
nicians prior to the ground truth annotation task. The classifier was implemented to
classify the text into “Normal” and “Abnormal” categories as shown in Table 1.
Table 1. Keywords used for building the rule-base.

Keywords Suggested Classification
no + fracture Normal
old + fracture Abnormal
Fracture Abnormal
x ray + follow up Abnormal
Dislocation Abnormal
FB Abnormal
Osteomyelitis Abnormal
Osteoly Abnormal
Displacement Abnormal
intraarticular extension Abnormal
foreign body Abnormal
articular effusion Abnormal
Avulsion Abnormal
septic arthritis Abnormal
Subluxation Abnormal
Osteotomy Abnormal
Callus Abnormal
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4 Results and Discussion

Results obtained by our gazetteer rule-based approach on the dataset containing 99
radiology reports are reported in Table 2, along with the performance of a Naive
Bayes classifier that was used to classify on the same dataset [12]. The Naive Bayes
classifier was trained and evaluated using a 10-fold cross validation approach. This
approach used 90% of reports for training and subsequently evaluated on the remain-
ing 10% within each cross validation fold. The average of the evaluation results
across the 10 folds was reported as the classifier’s performance. A set of stemmed
tokens in combination with high order semantic features such as SNOMED CT con-
cepts related to morphological abnormalities and disorders generated by the Medtex
system [13] were used to represent the reports. Classification results were evaluated in
terms of F-measure and accuracy (see Table 2). The number of true positive (TP), true
negative (TN), false positive (FP), and false negative (FN) instances were also report-
ed.

Table 2. Classification results obtained by rule-based and NB classification

Method F-measure  Accuracy TP TN FP FN
Rule-based 0.80 0.80 39 40 11 9
Naive Bayes 0.92 0.92 44 47 4 4

The rule-based system classified 49 reports as “Normal”. Thirty-three of these were
classified as “normal” due to the “no + fracture” rule. The remaining 16 reports did
not match any rule, and thus were classified as “normal” (i.e. “no rule fired”). The
high false negative count from the rule-based system suggests that the keywords that
were used to characterise “Abnormal” cases by the clinician were not complete or
adequate to capture all possible cases of abnormalities. Although the proposed key-
word rule-based approach is simplistic but shows promise, advanced Natural Lan-
guage Processing techniques such as those adopted in Medtex [14] can be used to
improve classification performances. More keywords can also be learnt using compu-
tational linguistic methods, such as the Basilisk bootstrapping algorithm [15].

5 Conclusion and Future Research

This work has described an initial investigation of a clinician-driven rule-based meth-
od for automatic classification of free-text limb fracture x-ray findings. We described
a simple keyword spotting approach where keywords were derived from classification
criteria provided by clinicians. The rule-based classification method achieved promis-
ing results with F-measure performances of 0.80 and an accuracy of 0.80. As future
work, the research will aim to improve the simple keyword approach with more ad-
vanced clinical text processing techniques to complement the proposed rule-based
classification method. The possible integration of our method in real-life workflow of
hospital emergency departments will also be considered.
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