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Abstract
Detecting drug-drug interactions (DDI) is an important research field in pharmacology and medicine and several publications report every
year the negative effect of combining drugs and chemical treatments. The DrugDDI corpus is a collection of documents derived from the
DrugBank database and contains manual annotations for interactions between drugs. We have investigated the negated statements in this
corpus and found that they consist of approximately 21% of its sentences. Previous works have shown that considering features related
to negation can improve results for the DDI task. The main goal of this paper is to describe the process for annotating the DDI-DrugBank
corpus with negation cues and scopes, to show the correlations between these and the DDI annotations and to demonstrate that negations
can be used as features for a DDI detection system. Basic experiments have been carried out to show the benefits when considering
negations in the DDI task. We believe that the extended corpus can be a significant progress in training and testing algorithms for DDi
extraction.
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1.

Introduction

A drug-drug interaction (DDI) usually occurs when one
drug changes the level of activity of another drug. According to FDA’s reports and acknowledged surveys (Gurwitz et
al., 2000), over 2 million serious Adverse Drug Reactions
(ADRs) occur in the United States every year, including the
register of one hundred thousand deceases (Lazarou et al.,
1998). Moreover, 3.5% of these deaths are due to drug-drug
interaction (Martin, 1990). Detecting and identifying interactions between drugs is a crucial field of research given
the high risks of most drug-drug interactions and the importance of patient safety and health care cost control. Many
academic researchers and pharmaceutical companies have
developed databases where DDI are recorded, but most of
the research and valuable information is still only found in
unstructured text documents, such as scientific publications
and technical reports.
Information extraction is an important task in natural language processing (NLP) and has also been used in many
applications in the biomedical domain, ranging from simple binary relationships to complex and hierarchical relation extraction (McDonald et al., 2005). Recent research on
biomedical information extraction has focused on biological entities and relationships, since many annotated corpora
are available for this purpose, which are valuable resources
for repeatable automatic training and evaluation of NLP
techniques. For instance, several corpora have been annotated for protein-protein or gene-protein interactions, such
as Aimed (Bunescu et al., 2005), LLL (Nedellec, 2005),
IEPA (Ding et al., 2002) or BioCreAtIvE-PPI(Krallinger et
al., 2008)).
A DrugDDI corpus was initially developed by (SeguraBedmar et al., 2011a) based on a set of 579 xml files
describing DDIs which was randomly collected from the
DrugBank database (Wishart et al., 2007). The UMLS
MetaMap (MMTx) tool (Aronson, 2001) was used to anal-

yse the corpus and was manually annotated with the help of
pharmacist experts (DDI 2011 corpus). With the aim of encouraging researchers to explore new methods for extracting drug-drug interactions, the first DDI Extraction challenge task1 was held in 2011 with the participation of ten
teams (Segura-Bedmar et al., 2011b). The best results were
an F-measure of 65.74%, a precision of 65.04% and a recall of 71.92% in detecting and classifying DDIs (Thomas
et al., 2011). A second challenge was held on 2013 as
part of SemEval: the DDI Extraction20132 . A new corpus was developed which included the corpus used in 2011
(DDI-DrugBank 2013) as well as Medline abstracts. Participating teams developed solutions based on supervised
and sentence-level relation extraction methods and the best
F1 score obtained was 80%. According to Segura and her
colleagues, increasing the size of the corpus and optimizing
the quality of annotations have contributed to this improvement (Segura-Bedmar et al., 2013).
The DDI-DrugBank 2013 corpus is a useful resource for
performing comparable experiments and for investigating
relation extraction methods. However, one limitation of
this corpus is the lack of negation annotation. For instance,
in the sentence below, an interaction between itraconazole
and S-ketamine drugs could be identified if negation is ignored.
Ticlopidine treatment increased the mean area under the
plasma concentration-time curve extrapolated to infinity
(AUC(0- )) of oral ketamine by 2.4-fold, whereas itraconazole treatment did not increase the exposure to S-ketamine.
Negation is frequently used in clinical and biomedical documents and it is an important cause of low precision in
automated indexing systems (Chapman et al., 2002). For
instance, Chapman has observed that 95% to 99% of the
searched reports would state no signs of fracture or similar
1
http://labda.inf.uc3m.es/
DDIExtraction2011/
2
http://www.cs.york.ac.uk/semeval-2013/
task9/

expressions in a certain radiology report database (Chapman et al., 2002). As a result, identifying negative statements is an important task to obtain accurate knowledge
from textual data.
In previous work (Bokharaeian et al., 2013), the DDI 2011
corpus was annotated with negations (NegDrugDDI corpus) and a basic experiment showed that improvements in
drug-drug interactions can be obtained when considering
annotations for negations. Additionally, the best-scoring
team in the DrugDDI 2013 challenge also use negation information in their system (Chowdhury et al., 2013).
In this paper, we describe the annotation of the DDIDrugBank 2013 corpus with negation cues and scopes, the
hereafter called NegDDI-DrugBank 2013, following the
BioScope guidelines (Szarvas et al., 2008). We also present
the correlations between the negation annotations and the
position of the drugs in a sentence. Finally, we have performed some experiments with the TEES event extraction
tool (Bjorne and Salakoski, 2013) to confirm the positive
effect of the negation annotations for the DDI task.
In Section 2, we present related work on previous corpora
annotated with negation, while Section 3 describes corpora
annotated with drug-drug interactions. In Section 4, the
annotation process and the obtained results are described.
Section 5 presents the correlations between DDI and negation that have been found in the extended corpus while Section 6 shows the experiments carried out to confirm the
effects of negation annotations for the DDI task. Finally,
Section 7 presents discussions and suggestions for future
works.

2.

Corpora annotated with negation

In this section, we review the main corpora annotated with
negation, emphasizing the annotation guidelines that were
followed and the main differences between them.

2.1.

Bioscope

Bioscope3 (Szarvas et al., 2008) is an open access corpus
of biomedical documents, manually annotated with negation and speculation. It contains more than 20,000 sentences which are split in three collections: clinical documents (6,383 sentences, 863 with negations), scientific papers (2,670 sentences, 339 with negations) and scientific
abstracts (11,871 sentences, 1,597 with negations). All the
sentences which assert the non-existence of something are
annotated, including sentences which do not contain any
biomecial term. Each negated sentence is annotated with
information about the negation cue and the scope of negation.
The annotation of Bioscope followed a min-max strategy:
the minimal unit that expresses negation is considered the
negation cue (min strategy) and the scope is extended to the
largest syntactic unit possible (max strategy). The negation cue is always included in the scope. However, it is
worth emphasizing that when the scope is opened at the
cue and continues to the right of the cue (around 90% of
the cases), the scope affected by the cue leaves the subject
out. This corresponds to sentences in active voice which
3

http://www.inf.u-szeged.hu/rgai/bioscope

are the most frequent case. Additionally, there are cases in
which the scope is opened to the left of the cue. The most
frequent ones are the structures in passive voice. As shown
in (Szarvas et al., 2008), passive voice is an exception in
the way of tagging sentences in Bioscope. In this case, the
subject is annotated within the scope, because if the sentence had been written in active voice, it would have been
the object of a transitive verb.

2.2.

SFU Review Corpus

SFU Review Corpus (Konstantinova et al., 2012) is a freely
available corpus annotated with negation and speculation.
It consists of 400 documents of movie, book and consumer
product reviews. It is annotated with negative and speculative keywords and their scope. The entire corpus was manually annotated by one linguist and reviewed by another one.
The guidelines followed during the annotation was an adaptation of Bioscope guidelines, which main changes were:
• Negation cues were not included in the scope.
• Coordination was annotated in a different way.
• Sentences with negation cue and without scope were
possible.

2.3.

ConanDoyle-neg

ConanDoyle-neg (Morante and Daelemans, 2012) was released in conjunction with the 2012 shared task on NR
hosted by The First Joint Conference on Lexical and Computational Semantics (*SEM 2012). It is a corpus of Arthur
Conan Doyle’s stories manually annotated with negation
cues and their scope. The annotation was performed by
two annotators using the Salto Tool.
The following is annotated in each sentence which contain
negation statements: the negation cue, its scope and the
negated event. For example, in the sentence ”After mine
I asked no questions” no is identified as the negation cue,
after mine I asked questions is identified as the scope and
asked is the negated event.
This corpus annotation was inspired by the guidelines of
Bioscope, but with several differences, being the following
the most important ones:
• The negated event is annotated.
• Negation cues are not included in the scope.
• Scopes can be discontinuous.
• All arguments of the negated event are included in the
scope, including the subject (which in Bioscope corpus was kept out in active sentences).
• Affixal cues are annotated. If the scope of a negation
cue is not explicit, the negation cue is marked as such,
but the scope is not annotated. If the scope is recoverable from the same sentence, it is added to the scope.
The domain of this corpus is very restrictive so some constructions that are typical in other domains are left out. For
instance, constructions that express absence of an entity,
which are very frequent in biomedial texts, are not included
in this corpus.

2.4.

UAM Spanish Treebank

UAM Spanish Treebank (Moreno Sandoval et al., 2003) is
a corpus composed of 1,501 syntactically annotated sentences derived from Spanish newspapers. The syntactic annotation was extended with annotations for negation. Annotation of negation was carried out by two experts in Corpus Linguistics. The annotation guidelines were very similar to those of Bioscope, except for one main difference: all
arguments of the negated events are included in the scope,
including the subject (which were kept out in active sentences in the Bioscope corpus).

3.

Drug-drug interaction annotation

The DDI 2011 corpus was the first annotated corpus dealing with the interaction phenomenon between drugs. The
corpus was designed by (Segura-Bedmar et al., 2011a) in
order to encourage the NLP community to conduct further research in the field of pharmacology. A set of 579
xml files describing DDIs was randomly collected from the
DrugBank database (Wishart et al., 2007). The corpus was
analyzed by the UMLS MetaMap tool (MMTx) (Aronson,
2001) and was manually annotated with the help of pharmacist experts.
This corpus is provided in the unified format used for PPI
corpora proposed in (Pyysalo et al., 2008) (see Figure 1).
Each entity (drug) includes reference (origId) to the id
phrase in the MMTX format corpus text in which the corresponding drug appears. For each sentence in the corpus, all
DDI candidate pairs are generated from the possible combination of different drugs appearing therein. Each DDI candidate pair is represented as a pair node in which the ids
of the interacting drugs are registered in its e1 and e2 attributes. If the pair is a DDI, the interaction attribute must
be set to true, otherwise this attribute must be set to false.
The DDI-DrugBank 2013 corpus was developed for the
DDI Extraction 2013 SemEval task and includes part of the
the DDI 2011 corpus. Concretely, new documents were annotated from the DrugBank database and were used for the
test dataset (DDI-DrugBank Test 2013 corpus), while 572
documents from the previous corpus were used as training
dataset (DDI-DrugBank Train 2013 corpus). Therefore, the
DDI-DrugBank 2013 corpus contains a total of 730 documents. A dataset of 233 MedLine abstracts (DDI-MedLine
2013 corpus) was also annotated for the 2013 shared task,
however, in this work we have concentrated on the DrugBank documents.
Table 1 shows basic statistics of the DDI-DrugBank 2013
corpus. It contains 6,648 sentences with 9.1 sentences per
document on average. The average number of drug mentions per document was 21.15, and the average number of
drug mentions per sentence was 2.4. Finally, among the
31,270 candidate drug pairs, only 4,672 (14.94%) were annotated as positive interactions, (i.e., DDIs), while 26,598
(85.06%) were marked as negative interactions (i.e., nonDDIs). There is a much larger proportion of negative instances than positive ones.
All drug-drug interactions in the DDI-DrugBank 2013 corpus was also annotated with one of the following four interaction types: advice, effect, mechanism and int. The
advice type corresponds to an advice or recommendation

regarding the concomitant use of the two drugs, the effect
category refers to the effect of DDIs, the mechanism type
were assigned to DDIs which describe pharmacodynamic
or pharmacokinetic mechanism and the default int category
is used otherwise. More detailed definition of the types can
be found at (Segura-Bedmar et al., 2013). With respect
to the distribution of categories, as can be seen in Table 2,
there is a smaller number of instances for categories int and
advice and effect type is the most frequent.

4.

Annotating DDI-DrugBank corpus with
negation

The aim of this paper is to extend a drug-drug interactions
corpus (DDI-DrugBank 2013) with annotations for negation, the NegDDI-DrugBank 2013, as none of the existing corpora meets this requirement. All the sentences in
the original corpus were annotated, which conforms 6,648
sentences from 730 files. For the DDI DrugBank 2013
training dataset, annotations from the NegDrugDDI corpus (Bokharaeian et al., 2013) have been transferred to the
NegDDI-DrugBank 2013 corpus and then reviewed, given
that there were some discrepancies between the documents
from the two DDI editions.
For the DDI DrugBank 2013 test dataset, a first annotation was done with the rule based system (Ballesteros et
al., 2012), which follows the BioScope guidelines to annotate sentences with negation. The annotation consisted on
adding two new tags, the cue and the scope of the negations, as depicted in Figure 3. The pre-annotation automatically obtained was then reviewed by four annotators using
the Brat NLP annotation tool4 . Brat is a web based software tool which was developed for rich annotating which
has proven to decrease the annotation time and to increase
the quality of the resulting annotations (Stenetorp et al.,
2012). A screenshot of the NegDDI-DrugBank 2013 corpus as visualized in the tool is shown in Figure 2. The test
dataset was split in four parts, one for each annotator, who
have manually corrected the automatically generated annotations, whenever necessary, and have added the missing
ones. Subsequently, the more experienced annotator reviewed all the annotations to ensure coherence. According
to the annotators, 18 modifications have been done. That is,
the algorithm have annotated the majority of the sentences
correctly. The extended corpus is available for public use 5 .
We have performed an analysis on the number of distinct
cues in the entire NegDDI-DrugBank 2013 corpus and the
number of different problematic annotation that were observed. This analysis is shown in Table 3. As can be
seen in this table, not and no are by far the most frequent
cues in the corpora: 1018 and 498 occurrences. However,
more changes have been performed with cue not, 27.41%
of changes. On the other hand, it can be observed that the
most problematic cue is neither ... nor ..., with a 85.71% of
changes. It is due to the difficult double cue pattern associated to this cue. Most of the errors with the other cues are
associated with problems detecting certain patterns of pas4

http://brat.nlplab.org/
http://nil.fdi.ucm.es/sites/default/
files/NegDDI_DrugBank.zip
5

Figure 1: The unified XML format of a sentence in the DrugBank-DDI 2013 corpus.

Documents
Sentences
Entities
Candidate drug pairs
Positive interactions (DDIs)
Negative interactions (no DDIs)

Number
730
6,648
15,441
31,270
4,672
26,598

Avg. per document
9.11
21.15
42,84 (4.70 per sentence)
6.40 (14.94%)
36.44 (85.06%)

Table 1: Basic statistics of the DDI-DrugBank 2013 corpus.
Training
DrugBank
Test
DrugBank

pairs
26005
pairs
5265

negative DDIs
22217
negative DDIs
4381

positive DDIs
3788
positive DDIs
884

effect
1535
effect
298

mechanism
1257
mechanism
278

advice
818
advice
214

int
178
int
94

Table 2: Statistics of the training and test datasets of the DDI-DrugBank 2013 corpus.

Figure 2: Examples of negation cue and scope annotations.
Cue
not
no
without
neither ... nor ...
absence
lack
cannot
Total

DDI-DrugBank Train
855
439
47
14
10
8
7
1380

Changes
266
58
8
12
5
1
4
354

DDI-DrugBank Test
163
59
9
0
3
0
3
237

Changes
13
1
4
0
0
0
0
18

DDI-DrugBank
1018
498
56
14
13
8
10
1617

Total
279
59
12
12
5
1
4
372

Rate
27.41%
11.85%
21.43%
85.71%
38.46%
12.50%
40.00%
23.01%

Table 3: Statistics of the negative cues in the training and test datasets, the changes for each cue during manual checking
and the rate of changes, for the NegDDI-DrugBank 2013.

Figure 3: The extended unified XML format of a sentence with negation cue in NegDDI-DrugBank corpus.
sive voice sentences and with the bad processing of commas and copulative keywords.

5.

Analysis of correlations between
negations and DDI annotations

NegDDI-DrugBank 2013 corpus contains 1,448 sentences
with at least one negation scope, which correspond to
21.78% of the sentences (4). This confirm the statement
that negation is frequently used in clinical and biomedical
documents, and particularly, in pharmacological documents
describing drug activity.
Table 5 shows the correlations between the annotations for
negation scopes and the position of the two candidate drugs
that represent a DDI. The first two columns indicate the
position of the drugs, there are 5 possibilities:
• both drugs inside of the negation scope (inside, inside).
• both drugs outside of the negation scope but on the
right hand side of the sentence (right, right).
• both drugs outside of the negation scope but on the left
hand side of the sentence (left, left).
• one drug inside the negation scope but the other one
outside on the right-hand side (inside, right).
• one drug inside the negation scope but the other one
outside on the left hand side (inside, left).
For instance, Figure 3 shows a sentence with a negation cue
and two drug which are both inside of the negation scope.
We can conclude from this data that, in the majority of the
cases (around 90%), there is no DDI when a negation scope
is present. With respect to the position of the drugs, the best
correlation occurs when both drugs are inside the negation
scope (93.78%), while the worst correlation occurs when
one drug is inside and the other one is outside or on the
right hand side (88.43%).
The correlation between DDI type and drug positions compared to negation scope has also been analyzed. As Table 6
confirms, there is a clear correlation between the DDI type
and relative candidate drug positions to negation scope.
The highest correlation can be seen when both candidate
drugs are inside the negation scope and DDI type is advice
(78.65% of all advice type cases with negation cue mention
a positive DDI). For instance in the below sentence:
<xcope>It is recommended that the combination of intravenous dantrolene sodium and calcium channel blockers, such as verapamil, <cue>not </cue>be used together
during the management of malignant hyperthermia crisis

until the relevance of these findings to humans is established.</xcope>
The candidate drugs (dantrolene sodium and verapamil) are
both inside of the negation scope and the advice type was
assigned to the DDI.
The other three DDI types (effect, mechanism and int)
have a similar behavior regarding the correlation between
DDI type and candidate drug positions. For instance, for
all of them, percentages are low (effect= 4.49%, mechanism=16.8% and 0% for int) when two candidate drugs are
inside the scope.
Table 7 shows the average of correlations between the DDI
type and candidate drug positions. As can be seen there is
a significant difference between advice type and the other
three DDI types. The 53.87% of the sentences with negation that contains a positive DDI correspond to advice type
and the 1.3% of the sentences with negation that contains a
positive DDI correspond to int type.
We can conclude that the position of entities regarding the
scope of negation is an important factor in determining the
effect of negation and the candidate DDIs.
On the other hand, regarding to Drug-Drug Interaction
relation, recommended and advised words have negative
polarity. In fact recommendation is used to avoid coadministration of two drugs, instead of recommending
them, but effect, excretion and interact phrases have positive polarities. Consequently, classifying and extracting
positive DDIs should consider these important factors in
addition to other syntactic factors that are usually employed.
Our analysis shows that we need semantic and polaritybased processing to efficiently employ negation information in relation extraction task. For instance, the two sentences below are in passive voice and they have similar
length and annotations for negations. The first one mentions a drug-drug interaction in an advisory notion, while
the second one explains a mechanism for possible drug interaction, but does not mention a DDI. In both sentences,
two drug names are inside the negation scope and related
verb and adverbs are also inside of scope. These two sentences are good examples that deep and semantic processing are needed to employ negation in detecting positive
drug-drug interactions.
• <xcope>Concurrent
therapy
with
ORENCIA and TNF antagonists is <cue>not</cue>
recommended.</xcope>
• <xcope>This small decrease in ec of gabapentin by
cimetidine is <cue>not</cue> expected </xcope> to
be of clinical importance.

Documents
Sentences
Sentences with negation
Sentences without negation

Number
730
6,648
1,448
5200

Percentage (%)

21.78
78.22

Table 4: Basic statistics from the NegDDI-DrugBank 2013 corpus
Drug1position
inside
inside
left
left
right
right
inside
inside
inside
inside

Drug2position
inside
inside
left
left
right
right
left
left
right
right

DDI
false
true
false
true
false
true
false
true
false
true

Train
613
39
141
27
101
12
256
6
52
7

Test
730
50
1191
124
819
62
921
92
437
57

Total
1343
89
1332
151
920
74
1177
98
489
64

Percentage (%)
93.78
6.63
89.82
11.34
92.56
8.04
92.31
8.33
88.43
13.09

Table 5: Correlations between DDI and drug positions compared to negation scope for the NegDDI-DrugBank 2013 corpus.
The third column indicates if the candidate DDI associated with the annotation is true or false. The fourth and fifth columns
indicate if the correlation appears in the training or in the test dataset. Finally, the last column indicates the total of possible
correlations of each type and the corresponding percentage.
Drug1position
inside
left
right
inside
inside
inside
left
right
inside
inside
inside
left
right
inside
inside
inside
left
right
inside
inside

Drug2position
inside
left
right
right
left
inside
left
right
left
right
inside
left
right
left
right
inside
left
right
left
right

Type
advise
advise
advise
advise
advise
effect
effect
effect
effect
effect
mechanism
mechanism
mechansim
mechanism
mechanism
int
int
int
int
int

Total
70
50
24
37
66
4
56
14
26
15
15
44
34
6
10
0
1
2
0
2

Percentage (%)
78.65
33.11
32.43
57.81
67.34
4.49
37.08
18.91
26.53
23.43
16.85
29.13
45.94
6.12
15.62
0
0.66
2.7
0
3.12

Table 6: Correlations between positive DDI and drug position compared to negation scope. The last columns show the total
of possible correlations of each type and the corresponding percentage.
Type
advise
effect
mechanism
int

Total
247
115
129
5

Average (%)
53.87
22.01
26.81
1.3

Table 7: Total average correlations between DDI type and candidate drug positions

6.

Exploring negation features

In addition to extending the DDI-DrugBank 2013 corpus,
we carried out experiments using the version 2.1 of TEES

event extraction software tool6 to verify the effects of the
negation annotations in a relation extraction task. TEES
is a well known machine-learning based tool for extract6

http://jbjorne.github.io/TEES/

ing text-bound graphs from natural language text and has
shown successful performance in many binary relationship
and event extraction tasks (Bjorne and Salakoski, 2013).
TEES supports negation detection using the schema used in
the BioNLP Genia event Extraction tasks7 , where a negation attribute is assigned to the event, but no cue or scope
are annotated. When performing our experiments with
TEES, we have added the negation cues and scopes as additional entities with the corresponding entity types (”cue”
or ”xscope”).
We have carried out experiments only with the training
dataset (NegDDI-DrugBank Train 2013), i.e., training and
testing on the 572 documents dataset (90% and 10%,
respectively), and using the complete corpus (NegDDIDrugBank 2013), i.e., the training dataset of the 2013
edition for training (i.e., 572 documents) and testing on
the test dataset of the 2013 edition (i.e., 158 documents).
For each of these experiments, we considered three situations: the original corpus without any negation annotations,
the addition of only the negation cues and also considering the scope annotations. Results are presented in Table
8. Results show that we get different responses for each
of the experiments when considering the negation annotations, nonetheless, both of them positive. When using
only the training dataset, the number of true positives does
not change much, but TEES returns less false positives, i.e,
higher precision, without the degradation of the recall, thus,
also with an improvement on the F-score. However, contrary to what was expected, the negation annotations had
more effect on the recall for the 2013 test dataset, i.e., decrease of false negatives, instead on the precision, thus the
additional true positives. A future error analysis on the results returned by TEES will shed some light on this behavior and give use some insights on how to better use negation
annotations for drug-drug interactions.

7.

Conclusions and Future Work

We have annotated the DDI-DrugBank 2013 corpus with
annotations for negation following BioScope guidelines. It
consists of 730 files with 6,648 sentences extracted from
the DrugBank database. The extended corpus (NegDDIDrugBank 2013) contains 1,448 sentences with at least one
negation scope. This is the 21.78% of the sentences, confirming the tendency of use of negation expressions on
biomedical documents.
We have computed correlations between the DDI and negation annotations present in the corpus. We can conclude
that all these effective factors should be considered as potential features for a machine learning based method or in
combination with a rule based system for extracting positive DDI from sentences with negation.
We plan to continue exploring the effect of features extracted from negation annotations in the DDI task, given the
promising results which have been obtained in the preliminary experiments carried out with TEES, which explored
only indirectly the potentials of negation cue and scope annotations.
7
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bionlp-st-ge-2013/wiki/Wiki

Additionally, we plan to extend the annotations to the DDIMedLine 2013 corpus. We expect differences in these annotations due of the language used in scientific publications.
Finally, we have used BioScope guidelines to annotate the
NegDDI-DrugBank 2013 corpus but we plan to explore
other guidelines as well, such as the one considered in
*SEM conference (Morante and Blanco, 2012).
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