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To date, the methods developed for automated extraction of information from radiology reports are mainly rulebased or dictionary-based, and, therefore, require substantial manual eﬀort to build these systems. Recent eﬀorts
to develop automated systems for entity detection have been undertaken, but little work has been done to
automatically extract relations and their associated named entities in narrative radiology reports that have
comparable accuracy to rule-based methods. Our goal is to extract relations in a unsupervised way from radiology reports without specifying prior domain knowledge. We propose a hybrid approach for information extraction that combines dependency-based parse tree with distributed semantics for generating structured information frames about particular ﬁndings/abnormalities from the free-text mammography reports. The
proposed IE system obtains a F1-score of 0.94 in terms of completeness of the content in the information frames,
which outperforms a state-of-the-art rule-based system in this domain by a signiﬁcant margin. The proposed
system can be leveraged in a variety of applications, such as decision support and information retrieval, and may
also easily scale to other radiology domains, since there is no need to tune the system with hand-crafted information extraction rules.

1. Introduction
An enormous amount of electronic information is generated in the
major medical centers in the form of unstructured free text clinical
reports [1,2]. Clinical reports are a rich resource that can support
machine learning advancement since they contain a large amount of
expert-deﬁned data that can be used to train these methods. However,
the unstructured representation of the clinical information makes it
diﬃcult to use these data as the input to computerized systems, such as
Clinical Decision Support (CDS) systems and Information Retrieval (IR)
applications. Thus, there is substantial interest in developing natural
language processing (NLP) systems that can extract structured information from free text clinical narratives.
Automatic extraction of structured information from mammography
reports can be separated into two inter-dependent sequential tasks. First
task is to identify the named entities of interest and their relations,
where the named entities are information items of particular types,
such as patient name, date of exam, imaging observations, and diseases.
Relations connect one or more named entities to make a factual assertion (“statement”) about them, e.g., existence of an imaging observation, presence of a characteristic shape, comparison with previous
⁎

studies, and association of a targeted imaging observation with other
imaging observations. In the case of mammography reports, the named
entities are mainly imaging observations/abnormalities, such as characterization of masses and locations. The relations associated with these
named entities can be extracted to allow formulating a triplet “subjectaction-object” for performing computerized reasoning directly on the
extracted information and generate high-level knowledge. Fig. 1 shows
examples of few sentences in a mammography report where the relations of interest are shown as underlined texts and the cells separate the
set of relations that convey similar semantic knowledge about the respective imaging observations.
The second task is to generate “information frames” from the extracted named entities and relations. An information frame is a collection of statements made about a particular abnormality in the radiology report. In mammography reports, the information frames
comprise entities and relations that capture imaging observations about
breast lesions, as speciﬁed by the BIRADS terminology [3]. For example, an information frame describing a mass lesion on the mammography reports would contain statements about mass size and volume,
its margin and shape. It can also represents the asserted facts pertaining
to the image, such as a mass is located in the upper outer quadrant of
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Fig. 1. Example sentences in diﬀerent mammography reports. Relations are underlined and each
cell represents semantically similar relations.

2. Related works

the left breast or the mass has spiculated shape.
We demonstrate that it is possible to automatically extract relations
and their associated named entities using automated clustering of similar relations in mammography reports, without the need for any labeled data. Our work has two main contributions: (i) identify relations
in free-text mammography reports using a statistical model without any
labeled data, and group semantically similar relations using distributional semantics; (ii) use the extracted named entities and relations to
obtain information frames for each of the imaging observations described in the reports. The strategy relies on a tight integration between
standard NLP and unsupervised machine learning techniques, which
oﬀers an eﬃcient trade-oﬀ between required manual eﬀort and generalizability of the system. The general ﬂow of information and processing stages are shown in Fig. 2. The organization of the rest of the
paper is as follows. Section 3 includes a detailed description of our
method and presents the most interesting aspects of all processing
phases. Results are summarized in Section 4, while Section 5 contains a
discussion of the results. Section 6 concludes the paper.

Many clinical natural language processing(NLP) systems have been
developed to generate structured information from unstructured free
text. However, most of the existing information extraction (IE) methods
targeting mammography reports are either dictionary-based or rulebased and require the targeted types of relations and the synonymous
relations to be pre-deﬁned [1,2,4–6]. For example, Nassif et al. [7]
developed a dictionary-based system to detect BI-RADS concepts in
mammography reports. Similarly, the MedLEE processor [8,9] detects
BI-RADS concepts in clinical reports by identifying the structure of semantic grammar in the text and generalizing the semantic terms using a
controlled lexicon. Recently, Sevenster et al. [10] used MedLee to
correlate clinical ﬁndings and body locations in radiology reports.
These approaches are extremely time consuming result in a low recall
as the manual rules or patterns are required to be pre-deﬁned by a
domain expert.
Bozkurt et al. [4] developed a rule based NLP system to extract
information frames for each lesion described in narrative

Fig. 2. Pipeline to produce structured information frames from free text mammography reports.
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aﬀects an observation (e.g., indicates, could obscure, etc.) or a change
in characteristics of an observation (e.g., “is unchanged”, “is increased”,
“signiﬁcantly changed”, etc.). We assume that a relation is either a verb
or a phrase containing a verb such that each constituent word has at
least one syntactic dependency with another word in the same phrase.
Syntactic dependency is the grammatical relationship that exists between two words, represented as a directed labeled link in the parse
tree structure of a sentence (Fig. 3). These dependencies are deﬁned as
triplets: head-dependency-dependent. In Fig. 3, an example of such relations is – “Asymmetric breast tissue is again noted in the lateral left
breast.” The phrase “is again noted” is a relation denoting the presence
of an imaging observation (“Asymmetric breast tissue”) in a particular
location (“lateral left breast”). Similarly, in the sentence – “Compared
to previous ﬁlms this nodular density is more deﬁned.”, the phrase
“compared to” denotes a comparison of the nodular density between
current and the previous ﬁlms, and the phrase “is more deﬁned” denotes a characteristic change in the nodular density. Additionally, the
dependency (shown in Fig. 3) between the words ‘previously’ and ‘described’ will be expressed as advmod (described, previously), which
means that ‘previously’ is an adverb modiﬁer of the term ‘described’.
In order to extract the targeted “relations”, we constitute a pipeline
with ﬁve processing blocks where the ﬁrst four blocks are performing
standard NLP tasks using the Stanford CoreNLP toolkit [18]: reports
tokenization (step 1), sentences splitting (step 2), part of speech tagged
(POS) (step 3), and dependency parsing (step 4). The verbs detected by
the POS tagger constitute an initial list of relations (named as “seed
list”). The relation phrases are formed from the seed list, exploiting the
outcome of the dependency parser on the respective sentence (Fig. 3).
The links between the words denote the grammatical relationship, and
these links can be exploited to extract meaningful multiword relation
units. The ﬁnal block (step 5) is coded based on the following grammatical rules, where multiword units or relation phrases are formed by
combining the seed list’s terms and their neighboring words:

mammography reports, including the abnormalities and characteristics
of those abnormalities. The main limitation of the Bozkurt’s system and
similar rule-based systems is that all the kinds of entities and relations
need to be pre-speciﬁed. It requires substantial manual tuning to extract
information, and may fail to extract information for rules that were not
pre-speciﬁed. For instance, Bozkurt’s system in its default conﬁguration
did not extract important relations that denote pertinent information
about lesions, such as their stability over time (how the lesion has
changed as compared to a previous observation or if this lesion is a new
observation in the patient mammography), and possible relationships
to another important entity (such as a lesion representing either a postsurgical scar or cancer). Moreover, it requires much manual work to
build such systems if the targeted number of entities and relations is
extensive, and these systems may have limited reusability. Thus, an
interesting research problem is – how to extract information from mammography reports without pre-speciﬁed rules or lexicon?
In addition to rule-based systems, prior works employed supervised
learning for automatic extraction of relations and information frames.
Taira et al. [5] developed an NLP processor to automatically extract
relations from radiology reports. Brunside et al. [11] proposed a statistical method for mapping radiology reports to BI-RADS (Breast
Imaging Reporting and Data System) terms. The relations, denoted by
single or multiple words, were extracted using hand-tagged training
examples. Since there is no standardized lexicon of all the diﬀerent
words or combinations of words that can represents potential relations,
it is an impractical task to tag examples of every relation of interest.
Besides, the type of relations that can be encountered in free text reports are diﬃcult to know in advance, which makes the task even more
challenging.
According to a recent study [12] that reviewed the existing NLP
solutions for general medicine, there is an emerging trend of hybrid
systems, where rule-based NLP systems have been the most commonly
used followed by supervised machine learning approaches. Several
hybrid and pure machine learning based methods have been proposed
that obtained good performance in clinical information retrieval
[13–17]. However, building these supervised systems requires large
amounts of hand-annotated data, which is very tedious and time-consuming to produce. For instance, recently, Hassanpour et al. developed
an IE system for chest CT reports and used conditional Markov ﬁeld and
conditional random ﬁeld models for extracting radiological observation
from the reports [15]. The IE system required the list of concept classes
to be speciﬁed by manual annotators. However, obtaining an exhaustive list of concepts in the domain of interest is also an equally
challenging task.

Rule 1: For each term in the seed list, the immediate next or previous
word is concatenated with the term if there exists a dependency relation between the word and the term and the
POS tag of the word does not fall into any of the four categories, that is, NN (noun), CD (cardinal number), CC
(coordinating conjunction) and DT (determiner). The resultant concatenated term is added to the seed list.
Rule 2: The two or more phrases obtained in Rule 1 is added to the
seed list if they are contiguous sequence of words in the
same sentence.

3. Materials and methods
As an example, consider the sentence shown in Fig. 3: “The previously described mass inferiorly within the right breast is less discretely seen on the current exam.” The initial seed list for this sentence
consists of the terms “described” and “seen”. These terms are combined
with their neighboring words according to the constraints described in
Rule 1. Speciﬁcally, “previously” is combined with “described” to form
the relation phrase “previously described”. Similarly, “discretely” and
“seen” combine to form “discretely seen”, which further combines with
“less” to form “less discretely seen” (according to Rule 2) as the ﬁnal
relation phrase that is extracted by the relation extraction pipeline.
2. Clustering of relations – After extracting relations from the text,
the next step is to group the similar relations together based on their
semantic relatedness to discover the semantically distinct (or canonical)
relations of interest in the patient reports, which we refer as “clustering
of relations”. The intuition behind grouping similar relations together is

3.1. Algorithm overview
In our unsupervised approach, we ﬁrst discover all relations from
the text reports, then we identify synonyms of the relations to identify
semantically unique relations, and ﬁnally we apply this to new text to
automatically extract relations and their associated named entities.
Accordingly, our method comprises three sequentially executed processing modules (see Fig. 2). In the following subsections, we detail the
each core processing modules, and describe the datasets on which we
train and evaluate the system.
1. Extraction of relations – We deﬁne a “relation” to be a word or a
group of words in a sentence that convey meaningful information about
two related named entities in the text. Following the deﬁnition, the
relations can capture the presence of an imaging observation
(e.g.,“there is”, “is present”, “is noted”), can express how something
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Fig. 3. Dependency parse diagram of an example sentence produced using Stanford CoreNLP toolkit, which shows dependency relations between words represented by arcs. An arc from
word A (head) to word B (dependent) indicates that word A inﬂuences word B.

Table 1
Each column represents a separate cluster and the rows represent the relations belonging to the respective cluster.
Cluster 1: ‘Presence of
abnormality’

Cluster 2: ‘Stability over
time’

Cluster 3: ‘Removal of
abnormality’

Cluster 4: ‘Similarity with
other observation’

Cluster 5: ‘Characteristic of
abnormality’

Cluster 6: ‘Action taken’

seen
are present
appearing
demonstrated
identiﬁed
are noted
are new
again noted

changed
signiﬁcantly changed
decreased
increased
are unchanged
not changed
persists
improved

removed
completely removed
has been removed
been removed
have been removed

represents
indicates
corresponds
related
likely represents
could obscure
degenerating
may represent

deﬁned
obscured
circumscribed
more deﬁned
less deﬁned
partially obscured
partially circumscribed

dated
palpated
biopsied
diagnosed
performed
stopped
recommended
guided

unsupervised space clustering using k-means algorithm to ﬁnd similar
words. However, word2vec only creates embedding of single words, not
the multi-word terms. In order to perform clustering of multi-word
relation phrases, we need to create a representation of the relation
vectors (which we refer to as “relation phrase embeddings”). The most
common method for combining the vectors of a multi word term is
averaging. Using the vector averaging method, we take the
average of all the constituent individual word vectors of the
respective relation phrase to obtain the ﬁnal embedding as:
V (w1) + V (w 2) + ⋯ + V (wn)
V (w1,w2,…,wn ) =
, where, V (w1,w2,…,wn ) denotes
n
the “relation phrase embeddings” and w1,w2,…,wn denotes the words
that formed the phrase. After obtaining the relation phrase embeddings,
we use k-means++ algorithm [20] to cluster the relations phrase
embedding space. We use this version of k-means because the accuracy
of the standard k-means are very sensitive to the choice of initial cluster
centers (seeds), whereas the k-means++ chooses the initial cluster
centers using a randomized seeding technique before proceeding with
optimization. In order to determine the optimum value of k, we use the
elbow method [21]. After obtaining the clusters of relations, we label
the clusters to indicate the underlying concept of the relations belonging to each cluster. Table 1 lists the relations classiﬁed into the six
clusters using k-means++. With the help of domain experts, we
manually reviewed the relations belonging to each cluster to infer the
cluster topic based on the most important terms/relations that represent the cluster.
3. Associating relations and extracting information frames –
Finally, we generated the information frames by linking the extracted
relations (from the prior step) with the associated named entities, and
entitled the frames on the basis of the class on which the relation belongs (see Table 1). In order to identify the named entities and link
them to the relation to which they belong, we used an information
extraction (IE) module that scans and identiﬁes all the named entities
(step 8, Fig. 2), followed by a ﬁlter that preserves only the entities that
are arguments to the relations that have been identiﬁed in the text (step
9, Fig. 2). For this case-study, named entities are sequences of words
that belong to a particular class.
Mammography reporting generally follows a very speciﬁc vocabulary and it is important to capture the semantics of these domain-

to frame related information of an observation in the report more
meaningfully in the ﬁnal information frames generated by the IE
system. For example, in Fig. 5, based on the relation “there is” that
denotes presence of abnormality (refer Table 1) the information about
the abnormality “architectural distortion” is generated and displayed in
the Frame 1. Similarly, Frame 2 groups together the information about
associated ﬁndings of the abnormality based on the similar relations
(“with associated” and “associated with”) that link the ﬁndings with the
abnormality.
In order to cluster the relations, we learn the vector representation
of the relation phrases using the unsupervised word2vec algorithm [19]
(step 6), and then generate clusters using k-means clustering [20] (step
7). The word2vec is a neural embedding model, which depends on the
assumption that the meaning of a word can be inferred from the distribution of words within a predeﬁned window around the word. The
word2vec model represents each word in a vocabulary as a vector of
ﬂoating numbers (or “word embeddings”) by learning how to predict a
‘key word’ given the neighboring words. The word embeddings learned
on a large text corpus are typically good at representing semantic similarity between words that are semantically similar, since such words
often occur in similar context in the text. Thus, word embeddings often
can be used as features in various machine learning applications.
To train the word2vec model, we sequentially parse the sentences in
the corpus in two passes. In the ﬁrst pass, the frequency counts of the
sentence tokens are collected and stored in a dictionary data structure.
In the second pass, a neural network model is trained to learn the vector
representations of the tokens. We explored the following conﬁgurations
of the word2vec model: (i) type of architecture: continuous bag-ofwords and skipgram; (ii) the dimension of word vectors: {50, 100, 200,
300, 400, and 500}; (iii) the size of the context window: {3, 5, 10 and
20}. On the training dataset (see below), the optimized performance
achieved with the skip-gram architecture, vector size of 300 and a
window size of 5.1
In the word2vec embeddings space, semantically related word
vectors should appear in a close vicinity. Thus, we can perform

1
The trained word embeddings are available at https://github.com/anupama-gupta/
word-embeddings-mammography.
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Fig. 4. Parse Tree representation of an example sentence obtained using the Stanford CoreNLP.

Fig. 5. Generated information frames (grouped
by the class of relations that they represent) for an
imaging observation present in a mammography
report.

for each sentence using the Stanford Dependency Parser and then applies an algorithm to the named entities in the parse tree (pseudo shown
in Algorithm 1) to associate the named entities to their corresponding
relations. We assume that the relations are binary which means relating
at most two arguments.
We illustrate the algorithm using the example of the ﬁrst sentence in
Fig. 4. After step 7, ‘mass’ is added to the subject list corresponding to
the relation ‘also is’. At the end of step 11, we obtain all the attributes
〈2 cm, irregular, high density, indistinct margin〉 as well the location
descriptors 〈left breast, 10 o’clock, anterior depth〉 of the ‘mass’. Finally,
the information frames are generated by listing all the imaging observations present in the reports along with their relationships with
other entities. In Fig. 5, we present an information frame generated by
the Algorithm 1 that contains the relations and their associated named
entities.

speciﬁc entities for generating meaningful information frames. Thus,
we adopted BI-RADS [5] which mainly represents mammography
imaging observations (conditions, problems, etc.), location (laterality,
clock face location, etc.) and report entities. We used the BI-RADS
terminology to create a mapping between the terms that may appear in
mammography reports, and their respective classes. The information
extraction module exploits this ontology to annotate the named entities.
For examples, the terms – (mass, density, nodule, calciﬁcation) are
annotated as abnormality, the terms – (skin retraction, skin thickening,
ﬁbroadenoma) as special case, the terms – (anterior depth, posterior
depth, middle depth) as depth, and the terms – (clustered, coarse, diffuse, linear) as type.
The ﬁnal module ﬁlters the named entities that are candidate arguments of the relations (step 9, Fig. 2) and associates them with the
correct relation. The module ﬁrst obtains the dependency tree (Fig. 4)
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Algorithm 1. Algorithm to identify arguments of the relations
1: procedure ARGUMENTSIDENTIFIER
2: r ← list of extracted relations
3: Run Stanford Dependency Parser for each
sentence and store outcome in tagged
EntityList
4: Annotate the named entities using
BIRADS-Ontology and store outcome in
DicAnnotation
5: while r [i] ≠ null do
6:
for i is in EntityList do
7:
r [i]. namedentities←
EntityList [r [i]].tagged[subj or dobj]

3.3. Evaluation scheme
To evaluate relation clustering, we created a gold standard of optimal relation partitions by manually labeling each relation instance
belonging to the 300 curated mammography reports with its correct
class label. In total, a set of 162 relation instances were extracted. Our
goal is to quantify the degree of agreement between the true and predicted clusters (outcome of Section 3.1 module 2) which measures how
closely the unsupervised clustering of the relations coincides with the
human expectation of categorizing relations according to the semantics
of abnormalities. In order to measure the degree of similarity between
the automatically extracted and the manually labeled relations, we used
the adjusted Rand index [22]. The Rand index [23] is a commonly used
measure of agreement between two partitions which is deﬁned by:
(TP + TN )
RandIndex = (TP + FP + FN + TN ) , where TP and FP are the number of correct and incorrect decisions of assigning a pair of relations to the same
class, and TN and FN are the number of correct and incorrect decisions
of assigning a pair of relations to diﬀerent classes. The standard Rand
index lies between 0 and 1 and may result in quite large values even
when clustering two random partitions. To address this issue we use
adjusted Rand index (ARI) [22] which is a better metric as it puts the
expected value at 0 for random labeling and 1 when the clusters are
identical. Moreover, it also allows measuring agreement even when the
partitions compared have diﬀerent numbers of clusters.
In order to ultimately evaluate the success of information extraction
based on our methods, we used our gold standard dataset of 300
mammography reports to determine the actual imaging observations,
their characteristics, stability value and relationships with other abnormalities. We applied our automatic system on the test set of 300
mammography reports and compared the results of processing the 300
reports with our system and the rule-based system described by Bozkurt
et al. [4] that had been used to evaluate the same reports. During the
evaluation, we consider both complete detection of a lesion – all the
characteristics of the lesion present in the text are detected by the
system, and partial detection of a lesion – at least one characteristic the
detected lesion is either incorrect or missing.
We use the Precision-Recall metrics for the evaluation of the completeness of the information frames. For the complete detection
n
cases, Precision = n c , where nc is the total number of lesions detected

▷For each relation
presents
▷construct a entity
list that are linked to
r [i] with a nominal
subject (subj) or
direct object (dobj)

8:
end for
9:
for j is in r [i]. namedentities & stop word
is not encountered do
r [i]. modifiers← DicAnnotation
10:
[r [i]. namedentites [j]].annotation[“location”
or “characteristic”]

▷obtain a list of
modiﬁers linked
with
r [i]. namedentities [j]
by a syntactic
dependency.

11:
end for
12:
InformationFrame [r [i]] ← r [i]. namedentities
and r [i]. modifiers
13: end while
14: end procedure

d

3.2. Dataset

n

completely, and nd is total number of lesions detected, Recall = nc
l
where nl is the total number of lesions present in the report,
Precision ∗ Recall
and F1 = 2∗ Precision + Recall . For the partial detection cases,

Under institutional review board approval, we assembled a corpus
of 300,000 mammography reports from our healthcare institution’s
clinical data repository, which contains a variety of breast abnormalities. We used this corpus of 300,000 un-curated reports to train the
word2vec model. We pre-processed the corpus of 300,000 mammography reports for training the word2vec model – (1) punctuations are
removed and ‘.’ is replaced by ‘ dot’ from the text so that the same terms
occurring in the forms ‘cyst.’ and ‘cyst’ are not treated as diﬀerent
terms; (2) all the words are converted to lower case form so that the
terms such as ‘Compared’ and ‘compared’ treated equally.
We also obtained an independent set of 300 manually curated
mammography reports that were used in a prior study to evaluate the
state-of-the-art system [4]. We used these 300 reports to extract the
relations for identifying meaningful clusters and used their annotations
as a gold standard to test the information extraction performance of our
proposed system.

Precision =

1
2
,
1
nc + np + nfp
2

nc + np

where nc is the total number of lesions detected

completely, np is the total number of lesions detected partially and nfp is
total number of falsely detected lesions, Recall =

1
2

nc + np
1
2

nc + np + nfn

where nfn is

the total number of lesions present in the report that were not detected.

4. Results
4.1. Validation of the clusters
The set of relations in the ﬁnal clusters formed are shown in Table 1.
We inferred that the optimal number of clusters is 6 from the elbow plot

Table 2
Comparison of results from our system based on complete and partial match cases of lesions with an existing information extraction system.
Methods

Absolute counts
Total lesions present

Our method
Bozkurt et al. [4]

797

Complete match cases results

Partial match cases results

Total lesions detected

Lesion characterized completely

Precision

Recall

F1 Score

Precision

Recall

F1 Score

783
815

746
723

0.95
0.89

0.94
0.91

0.94
0.90

0.99
0.96

0.97
0.96

0.98
0.96
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Table 3
Confusion matrices of lesion detection, where ‘n’ denotes the total lesions present.
Our method
n = 797
Observed

Bozkurt et al. [4]

Predicted
TP = 774
FP = 9

Table 4
Results of complete information extraction of breast lesions detected where ‘n’ denotes
total number of the respective lesion properties.

FN = 23
TN = 0

n = 797
Observed

Characteristics (laterality, size, shape, margin, clock position, depth, density)
Our method
n = 2682
Predicted

Predicted
TP = 780
FP = 35

FN = 17
TN = 0

Observed

Bozkurt et al.

and reaﬃrmed the value of k to be 6 on k-means++. As seen from the
table, relations belonging to the ﬁrst cluster are: 〈 “seen”, “are present”,
“are noted”, “identiﬁed”, “are new” 〉, and, based on the semantic
nature of these relations, we concluded that the corresponding cluster
denotes “presence of an abnormality”. Similarly, the rest of the clusters
(from the left to right column in Table 1) denote: “stability over time”,
“removal of abnormality”, “similarity with another observation”,
“characteristic of abnormality”, and “action taken”. The ARI (adjusted
rand index) for the predicted clusters against the gold standard of
clusters was 0.76 which means that there is a high agreement between
the automatically extracted and the manually labeled relations.

TP = 2643
FP = 9

n = 2577
Observed

FN = 39
TN = N/A
Predicted

TP = 2475
FP = 3

FN = 102
TN = N/A

Stability
Our method

n = 516
Observed

Bozkurt et al.

Our method

On the 300 test radiology reports, the proposed method was able to
automatically extract relations, grouped them according to their semantic similarity, and generated ﬁnal information frames for the imaging observations present in a report. Our system extracted relation
phrases like “there is”, “is decreased” and “associated with” to generate
the ﬁnal information frames. The information frames for each imaging
observation are grouped by the diﬀerent types of relations associated
with the observation. Table 2 presents side-by-side comparison of the
respective output of our proposed system with the state-of-the-art
method. We use two diﬀerent assessment metrics – (1) Total Lesion
Detected – number of lesions identiﬁed automatically from the reports
with or without their characterizations, (2) Lesion characterized completely – number of lesions identiﬁed with all the relevant characteristics.
In Tables 3 and 4, we present the confusion matrix for lesion detection and the complete extraction of breast lesions characteristics,
respectively, where ‘n’ in each cell is the total number of the lesion
properties denoted by column name. As seen from the evaluation, the
rule-based system against which we compared, is able to detect larger
number of lesions than our proposed system (774 by our method and
780 by Bozkurt et al. [4]) while our method outperforms the rule-based
system in-terms of more comprehensive characteristics extraction of the
lesion, including relationships between ﬁndings, descriptions of stability over time, and historical mentions(see Table 4). Our method produced an F1-score of 0.94 in extracting the lesions with all the relevant
characteristics pertaining to them. The precision and recall are both
higher than that of the existing rule-based system. The higher precision
is mainly due to the fact that our system was able to reduce the number
of false positives in lesion detection by successfully categorizing previously noted and removed lesions with the help of the extracted relations. The proposed system detected larger number of the relevant
characteristics of a given imaging observation mentioned in the gold
standard reports and results in a signiﬁcant number of complete extractions.

Bozkurt et al.

TP = 476
FP = 4

FN = 2
TN = N/A

N/A
Relationship with other abnormalities
n = 256
Predicted
Observed

4.2. Evaluation of the information frames

Predicted

TP = 232
FP = 6

FN = 24
TN = N/A

N/A

them to produce output information extraction frames. To identify the
relations, we generated their word embeddings using a distributional
similarity model, word2vec, and then cluster the relations to deﬁne
information extraction patterns. The clusters are manually labeled to
enable us to identify the type of information conveyed by each information frame, such as the characteristics of an abnormality, the
presence of an abnormality, its stability value, and its similarity to
another observation. Note that the unsupervised clustering approach
automatically uniﬁes synonyms in relations which allows to deal with
the unseen relations in the execution phase.
Our system successfully extracted more comprehensive information
from the reports than the rule-based system described previously by
Bozkurt et al. [4], which includes relationships between ﬁndings, descriptions of their stability over time, and their historical mentions. For
example, in the sentence, “A coarse calciﬁcation noted in this region
was removed”, the system described in Bozkurt extracted the calciﬁcation as being present, as their conclusion is based simply on the
presence of the abnormality term ‘calciﬁcation’ in the sentence. However, our system extracts the calciﬁcation and also links it with the
relation “was removed” in the sentence. Hence, we accurately extract
the fact that the calciﬁcation is no longer present and has been removed.Our system thus is advantageous and may recognize more relations than using hand-crafted rule-based systems. In addition, our
distributional semantic approach to relation discovery requires much
less hand-curation eﬀort than a rule-based systems to develop.
We also noted that the generic state-of-the-art regular expressions
based NLP tools – Negex [24], failed to detect negation of ﬁndings on
sample sentences from reports – “A coarse calciﬁcation noted in this
region is no longer seen due to biopsy.”, “The nodule in the superior left
breast questioned previously is not seen now.”. This performance is due
to the reason that negation detection techniques require in-domain
annotated data examples of negation on the target corpus to yield optimal performance [25]. In the future, we could adopt the distributional
relation phrase embeddings to further improve negation detection by
automatically learning patterns from clinical text that indicate negation
of observations.
Recently, there has been an increasing interest in applying distributional semantic methods for various information extraction tasks
in the biomedical domain, such as named entity recognition [26,27],

5. Discussion
In this paper, we describe a novel approach to automated information extraction from narrative mammography reports by identifying relations in the text and grouping them together with respect to
their semantic similarity, and ﬁnally using the information to automatically extract the entities and relations in the reports and associate
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Fig. 6. Examples of incorrect pos tagging. In the ﬁrst sentence ‘view’ is incorrectly tagged as a verb (correct tag: noun). In the second sentence ‘grouped’ is incorrectly tagged as a verb
(correct tag: adjective).

extracted the relations and recognized their semantic sense. We were
also able to extract more accurate information from the reports than a
recently proposed rule-based information extraction system, such as the
negation and temporality of concepts. Our system performed well in
extracting complete information about lesions in mammography reports, with a F-Score of 0.94. In the future, we will work on better
feature representation methods for relations, and deal with complex
relations to avoid redundancy of information conveyed in the output.

medical semantics modelling [28], relation between pharmaceuticals
and diseases [29], and event extraction [30]. The popularity and advancement of distributional semantics highlights the great potential for
accomplishing more advanced biomedical information extraction tasks.
A key contribution of our work is the use of distributional semantic
features (learned using a predictive neural network model) to cluster
the relations extracted from unannotated reports. Moreover, our work
is novel in showing the possibility of using these distributional semantic
methods to create information extraction systems that can be competitive in performance with rule-based systems.
There are several limitations to our approach. First, the 162 relations extracted in our work are limited in number, which is due to the
availability of only a small, expert reviewed dataset of 300 mammography reports used for our gold standard. However, the semantics of
these relations seem to be reasonably captured based on a Rand Index
score of 0.76. Ultimately in order to show our results are convincing
and generalizable, we would need a much larger set of reports and
relations.
Secondly, our approach does not extract complex relations or links
between diﬀerent relations. For example, in the sentence “Compared to
prior exam this calciﬁcation region is not signiﬁcantly changed”, our
system extracts the relations “compared to” and “is not signiﬁcantly
changed” separately, and links both of them to the abnormality “calciﬁcation”. However, both of the relations together actually convey
common information about the “calciﬁcation”. Also, the recall of our
method can be improved by introducing more robust rules in identifying imaging observations which share the common name but diﬀerent
characteristics. For example in the sentence “Scattered benign appearing calciﬁcations and vascular calciﬁcations are present in the right
breast”, our method fails to identify the second set of “vascular calciﬁcations” which are also present in the right breast. Future work can be
done to deal with the representation of such complex relation to avoid
re-iteration of known information about the observations.
Finally, we have used Stanford POS tagger to extract the relations,
which is not always correct in parsing the radiology reports. This is due
to that fact that the radiology report narrative style does not always
follow the syntactic rules. In the few cases, we found that the POS
tagger made mistakes. It was mainly because of the ambiguity of free
text narrative style and lexical variations. In Fig. 6, we present an example of incorrect POS tagging that aﬀects the performance of our information extraction system. Future work should attempt to experiment
with more precise POS tagging to improve the detection of relations. In
the current study, we used simple averaging of word vectors for
creating multi-term phrase representations. We are also planing to explore the performance of various vector composition operations (e.g.
convolution, max pool, min pool) for relation phase creation [31].
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