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Abstract. Electronic health records contain valuable information writ-
ten in narrative form. A relevant challenge in clinical narrative text is
that concepts commonly appear negated. Several proposals have been
developed to detect negation in clinical text written in Spanish. Much of
these proposals have adapted the Negex algorithm to Spanish, but ob-
tained results indicated lower performance than Negex implementations
in other languages. Moreover, in most of these proposals, the validation
process could be improved using a shared test corpus focused on negation
in clinical text. This paper proposes Spa-neg, an approach to improve
negation detection in clinical text written in Spanish. Spa-neg combines
three elements: i) an exploratory data analysis of how negation is written
in the clinical text, ii) use of regular expressions best adapted to the way
in which negation is expressed in Spanish, iii) tests, and validation using
a shared annotated corpus focused on negation. Obtained results suggest
that the combination of these elements improves the process of negation
detection. The tests performed shown 92% F-Score using IULA Spanish,
an annotated corpus for negation on clinical text.

Keywords: Negation Detection - Electronic health records - Clinical
natural Language Processing.

1 Introduction

Negation detection is a challenging problem in the information extraction field.
This is particularly important in systems aimed to extract knowledge from clini-
cal information, where the detection of negation is key to understand symptoms,
diagnoses, or treatments [5].

Negation detection is typically divided into two subtasks: cue identification
and scope recognition. The cues are words or terms that express negation (e.g.,
without, not, nothing) [12]. The expressions negation terms and negation phrases
can also be used to refer to negation cues. The scope is a text fragment affected
by the corresponding negation cue in a sentence [14].
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One of the most used algorithms to detect negation in medical records is
Negex [6]. This algorithm has been recognized as one of the most useful ap-
proaches for the detection of negated medical concepts. However, it has been
studied that can present deficiencies when terms that express negation appear
contiguously several times, or when multiple instances of the negation affect the
same medical concept [16]. Despite the acceptance that Negex has had, it can
be improved. In the case of the Spanish language, several studies have been pro-
posed to detect negation in clinical texts [8] [28] [18]. These proposals adapted
the Negex algorithm to Spanish but obtained lower results than Negex imple-
mentations in English. Additionally, in these proposals, the validation process
could be improved using a shared test corpus focused on negation in clinical texts.

This paper proposes Spa-neg, an approach to detect negation on clinical
texts written in Spanish. Spa-neg combines three elements to improve negation
detection: i) an exploratory data analysis to understand how negation appears
in clinical texts, ii) adaptation of regular expressions based on the data analysis,
and iii) a validation using corpus focused on annotating negation in clinical
texts. Obtained results suggest that the combination of these elements improves
the process of detecting negation. When performing the tests using a corpus
annotated by experts and focused on negation in clinical texts, a 92% F-Score
was obtained.

The rest of the article is organized as follows: section 2 describes proposals
that address negation detection, with an emphasis on proposals for the Spanish
language. Section 3 shows an exploratory data analysis of the negation. The
Spa-neg proposal is described in detail in section 4. Section 5 describes the tests
that were carried out to measure the performance of Spa-neg proposal. Finally,
section 6 shows conclusions and future work.

2 Related Works

In the field of clinical text, several proposals have been developed for negation
detection. One of the most relevant is Negex [6], an algorithm which has been
widely used and adapted to several languages [4] [27] [9]. This algorithm uses two
regular expressions and a set of negation terms that activate the negation. The
Negex algorithm also uses a set of termination terms to indicate the negation
scope [7]. Negex has been implemented in several clinical information extraction
tools such as MetaMap [1] or Apache cTAKES [26].

In [3], a strategy that uses the syntactic properties of the sentence to calculate
the scope is proposed. Another study similar to the previous one is proposed in
[23], where it is described an algorithm that incorporates the use of a dependency
tree within Negex.

On the other hand, [17]| describes NegMiner, a proposal that aims to solve
some of the weaknesses of the Negex algorithm. For example, when contiguous
negation terms and multiple negation expressions appear in the same sentence.
The author argues that Negex algorithm is still not sufficiently robust since many
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sentences are more complex to be correctly processed by just a couple of regular
expressions. To solve these shortcomings, NegMiner proposes new rules to deal
with contiguous negation terms and to detect various expressions of negation
within the scope of a medical concept. Experimental results showed a higher
performance than the Negex algorithm.

According to [12], machine learning approaches have also been used as a tech-
nique in detecting negation in medical texts. In [24], [2] and [13] are proposed
machine learning-based classifiers to detect negation. Algorithms such as Sup-
port Vector Machines (SVM) and Conditional Random Fields were used. Tests
were performed using the Bioscope corpus [30], which is focused on the English
language.

Although the proposals mentioned above show significant advances and im-
provements in negation detection, most of these works have focused on the En-
glish language. According to [25], information extraction in the medical domain
also represents its own challenges in languages other than English.

2.1 Negation detection on clinical text written in Spanish

One of the proposals to detect negation on clinical texts in Spanish was described
in [8]. This proposal adapts Negex using an approach that first translates nega-
tion terms from Negex to Spanish, and then calculates the frequency of negated
terms. Reported results show that when calculating the frequency of the terms
that activate the negation, large differences were found between the terms used
in English and Spanish. When Negex adaptation was evaluated, a large number
of false positives were found, and an F-score value of 84% was obtained. This
value was lower than the value obtained by Negex implementations in English.
The authors suggest that one of the reasons for the high number of false positives
might be because of the structure in which medical texts are written in Spanish
differs from English. Therefore, the rules implemented in Negex do not always
work properly for negation in Spanish. Others Negex adaptations to Spanish
were also developed in [28] and [18]. In these proposals, a wider set of negation
terms are used to indicate negation in Spanish. Just as the previous proposal,
these are adaptations of the rules proposed by Negex.

In [10], an adaptation of Negex is proposed by adding syntactic properties
such as part of speech (POS) tagger and a syntactic dependencies tree. In this
proposal, the syntactic properties were used to perform a manual identification
of patterns that are used to calculate the negation scope. An interesting find-
ing to highlight in this proposal is that in the tests carried out, they reported
better results when combining Negex with POS tagger properties. However, this
adaptation only used the original rules proposed in Negex. This may represent
a weakness in certain cases, such as those reported in [17].

In addition to syntactic properties, [20] proposes the use of pragmatic prop-
erties and grammar rules previously created to detect negation in radiology
reports. Although they show promising results, one weakness is that, like the
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previous proposals, the performed tests lack the use of shared annotated corpus,
focused on negation.

Finally, to address the lack of annotated corpus focused on the negation in
Spanish, several studies have been carried out [19] [15] [22]. Specifically, [11] and
[21] have developed an annotated corpus on the negation in medical texts in
Spanish. These corpus are manually annotated by experts and help to validate
tools that automatically detect negation. According to [29], a shared annotated
corpus is very useful for developing natural language processing tools in the
medical domain.

3 Exploratory data analysis of negation

This data analysis aims to obtain indicators to understand how negation is ex-
pressed in clinical texts written in Spanish. It contains extracted indicators such
as length of sentences, number of negation terms by sentence, types of negation,
and frequency of negation.

3.1 Datasets

— Dataset 1: a random sample of 3000 medical reports, which have been pre-
viously anonymized. This sample represents 20% of a database that contains
around 15000 medical reports of a hospital in Spain.

— Dataset 2: The corpus "IULA Spanish", created by [21]. This corpus is
a shared data set, in which experts have manually annotated negation in
clinical text written in Spanish. It contains 3194 sentences taken from clinical
documents. Each annotation includes the term that activates the negation
and their scope. This corpus is available in:
http://eines.iula.upf.edu/brat/# /NegationOnCR,_ TULA/.

3.2 Results from dataset 1

— Length of the sentences: Figure 1 shows the distribution of sentences

where negation appears and its length measured in the number of tokens. A
token is the result of the tokenization of the sentence text in atomic elements
such as words, numbers, or acronyms. The length of sentences is distributed
between 1 and 198 tokens. The first quartile corresponds to sentences with
a length of 6 tokens, the second quartile to 9 tokens, and the third quartile
to 17 tokens.
This distribution is a positive asymmetric since the higher frequencies are
below the mean. In other words, to express negation, the use of short sen-
tences rather than long sentences is more frequent. For example, only the
range between 1 and 9 tokens contains 50% of the negated sentences. In
addition, after ten tokens, the frequency decreases rapidly, and sentences of
greater length are rare.
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Fig. 1. Length of sentences with negation (Dataset 1)

— Negation types: The number of sentences that match each type of negation
was obtained under the definitions shown in table 1. Negation types describe
different ways to express negation in clinical texts. Negation terms are words
that express negation (e.g., "no, sin, nunca, negativo para"). In section 4.2

there are examples of sentences related to these types.

Table 1. Different ways to express Negation

double negation.

Negation Type Description Frequency

When the same negation term is

Contiguous Negation repeated several times consecutively 28%
on the sentence.

Not contiguous negation When the' sentence con'tams one 43%
or more different negation terms.
When the sentence contains a single

Short sentence negation |negation term, and the number of tokens 25%
in the sentence is in the first quartile.

Double negation Sentences where occurs the 4%

— Number of negation terms: Table 2 shows the number of negation terms
that appear in sentences in a contiguous way. The results are shown in 4
ranges, separated by the length of the sentences and the quartile (Q1, Q2,
Q3) to which they belong. Table 3 shows the number of negation terms that
appear in sentences in a not contiguous way. According to tables 2 and 3, the
distribution of negation terms in contiguous negation is different, compared

with not contiguous negation.
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Table 2. Number of contiguous negation terms

Number of Negation terms

Tokens Range

23] 4([5]6] 7
L[1-Qi 99%]| 1%

2. (Q1 - Q2] T7%|23%

3.(Q2- Q3 61%]32%| 5% |4%

1 >Q3 A8%27%|12% (8% 3% 2%

Table 3. Number of Not contiguous negation terms

Tokens Range

Number of Negation terms

1 | 23|4|5/6

7

L[1-Q1 100%

2.(Q1- Q2] |95% |5%

3.(Q2-Q3] | 93% 7%

4. >Q3 91% |9%

3.3 Results from dataset 2

Figure 2 shows the distribution of sentences where negation appears in "IULA
Spanish" dataset. The length is distributed between 1 and 130 tokens. The first
quartile corresponds to sentences with a length of 7 tokens, the second quartile to
11 tokens, and the third quartile to 20 tokens. Similar to results from dataset 1,
this distribution is a positive asymmetric since the higher frequencies are below
the mean. This data set also shows that to express negation, the use of short

sentences rather than long sentences is more frequent.
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Table 4 shows a summary of the indicators obtained from the exploratory
data analysis for both analyzed datasets. There are considerable similarities
between these datasets. For example, in both cases is more frequent the use of
short sentences instead of long sentences for expressing negation. Moreover, in
both cases, the negation is expressed in different ways, such as double negation,
contiguous, and not contiguous negation.

Table 4. Summary of indicators from exploratory data analysis

Indicator Dataset 1|Dataset 2
Negation Frequency 27% 32%
First quartile 6.00 7.00
Median 9.00 11.00
Mean 14.00 16.00
Third quartile 17.00 20.00
Contiguous Negation 28% 30%
Not contiguous negation 43% 40%
Short sentence negation 25% 27%
Double Negation 4% 3%

4 Proposal for negation detection in clinical texts

Spa-Neg proposal aims to improve negation detection in clinical texts written in
Spanish. For this purpose, Spa-neg takes advantage of statistical information ex-
tracted from exploratory data analysis of negation. Spa-neg is divided into three
components: Negation indicators, Negation detection, and Scope calculation.

4.1 Negation Indicators

This component contains indicators extracted from exploratory data analysis
which are used to improve negation detection, as shown below:

— Types of negation indicator revealed that there are different ways of
expressing negation in clinical texts. For this reason, our proposal includes
rules that are better adapted to the way in which negation is expressed in
Spanish. These rules are shown in section 4.2.

— The number of negation terms indicator showed that the way in which
contiguous negation occurs is different from not contiguous negation. This
indicator is used to calculate the negation scope. Spa-neg first checks if nega-
tion happens in a contiguous way, and depending on the outcome, calculates
the negation scope. The scope calculation is explained in section 4.3.
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— The sentence length indicator is used to estimate the value of the short
sentence heuristic. This value is estimated based on the first quartile position
in the length distribution of sentences. This value indicates that a sentence
is considered as a short sentence if its length belongs to the first quartile,
and it has only one negation term. Short sentence heuristic is also used to
calculate the scope. An example of short sentence is: "No se palpan masas”.

4.2 Negation detection component

Spa-neg uses five regular expressions to detect negation, as described below:
regular expressions 1 and 2 are adapted from the Negex proposal. Regular ex-
pressions 3 and 4 are an adaptation for Spanish based on [16] proposal. Moreover,
we add the fifth regular expression to deal with cases where double negation is
presented in clinical texts written in Spanish:

1. <pre-negation term>*<UMLS term>
2. <UMLS term>*<post-negation term>

The symbol * represents an unspecified number of tokens on the sentence.
The UMLS (Unified Medical Language System) term, represents medical con-
cepts affected by the pre-negation or post-negation term. Spa-neg contains a
dictionary with the list of pre-negation and post-negation terms.

In the sentence "INo lesiones cutaneas relevantes”, the negation is detected
using the first regular expression because the word "No” is considered as a pre-
negation term.

In the sentence "Urocultivos de control negativos.", the negation is detected
using the second regular expression because the word "Negativos” is considered
as a post-negation term. Regular expressions 1 and 2 best fit in cases of not
contiguous negation.

3. <pre-contiguous negation term>* <UMLS term>
4. <UMLS term>* <post-contiguous negation term>

The regular expression 3 improves negation detection in sentences that contain
multiple contiguous pre-negation terms. This case occurs when the same negation
term is repeated several times consecutively, as it shows in the next example.

"No dolor en el térazx, no tos ni expectoracion, no dolor abdominal”.

The regular expression 4 improves negation detection in sentences that con-
tain several contiguous post-negation terms, as it shows in the next example.

"Andlisis de proteinas 0.2 g/l negativo, c.cetonicos negativo, bilirrubina
negativo, urobilinogeno +- mg/dl, negativo, leucocitos pendiente realizacion.”
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Finally, we add regular expression 5 to detect double negation in clinical text
written in Spanish.

5. <pre-negation term>*<pre-negation term>* <UMLS term>

Double negation happens when two negation terms have detected that change
the meaning of what is being negated. For example, the word "descartar” is of-
ten used to negate concepts within medical texts. However, this word can also
be used to change the meaning of negation if it is combined with other terms
that also activate the negation.

In the sentence: "No se puede descartar tumor en el pulmdn.”, there are
two negation terms: "No"” and "descartar”. In this case, these two terms should
not be considered separately but should be analyzed together. Therefore, this
sentence should not be detected as negated. Rule 5 allows for dealing with these
cases.

4.3 Scope Calculation

When negation was detected with a pre-negation term, the scope is to the right
to this term (forward in the sentence). If the negation is detected with a post-
negation term, the scope is to the left to this term (backward in the sentence).

When negation is detected with a pre-negated term, the scope is calculated
using the algorithm shown in figure 3. This algorithm receives two inputs: the
sentence where negation was detected and metadata about negation detection
(Neg-Data). This metadata contains the conditions and the way in which nega-
tion was detected. The algorithm requires that the sentence has been previously
tokenized and POS (Part of speech) tagged.

The algorithm first checks whether negation was detected in a contiguous
way. In this case, the negation scope will be given by the next negation term.
The position of the next negation term indicates the end of the negation scope
being analyzed at this time.

Next, the algorithm checks if negation was detected in a short sentence. If
this is true, it is used the short sentence heuristic value. In this case, the negation
scope is given by the end of the sentence. The short sentence heuristic improves
negation detection because it avoids possible errors in searching for a termination
term.

Next, the algorithm searches for a termination term, which indicates the end
of the negation scope. Termination terms have been previously defined on the
Spa-neg dictionary.

Finally, if none of the above conditions is true, the algorithm uses POS tag-
ging properties to calculate the negation scope. In this case, the scope is de-
termined by a token labeled with any of the following categories: conjunction,
punctuation mark, or a verb. POS tagging is useful when negation is detected
in a sentence that does not contain a termination term.
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Algorithm 1: Scope Calculation
inputs: sentence, Neg-Data;
output: scope;

if (Neg-Data.is-contiguos = true) then
scope=Neg-Data.next-position;
else
if (sentence = shortSentence) then
scope = sentence.end:

else
stopTerm = findTerminationTerm()

if (isValid(stopTerm) = true) then

scope = stopTerm.end;

else
token= findTokenUsingPOS():
scope = token.end:

end

end
end

Fig. 3. Algorithm to calculate negation scope.

If negation is detected using a post-negated term, the scope is determined us-
ing an algorithm similar to the one showed in figure 3, but in this case, the scope
is searched backward from the position where the post-negated term appears.

5 Tests and validation

To validate the proposed approach, we used the “IULA Spanish” corpus. It is
proposed by [21] and was described previously.

Obtained results were measured using Precision, Recall and F-score in the
task of negation detection and scope calculation.

Negations and their scope correctly detected

Precision = 1
Number of detected negations (1)
Negations and their scope correctly detected
Recall = - - (2)
Total negations in the corpus
F score — 2 & Precision*Recall 3)

Precision + Recall

Table 5 shows the results in the task of negation detection and their scope.
To validate our approach, we carried out four tests, as is explained below.

— Test 1: This test executed an adaptation of the Negex algorithm to Spanish
using only regular expressions 1 and 2, as proposed in Negex.

— Test 2: In this execution, rules 3 and 4 were added to the Negex adaptation
that was carried out in the previous test.
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— Test 3: In this test, rule 5 is added to detect double negation cases.
— Test 4: Finally, in this test, in addition to using the five rules mentioned

above, the use of POS Tagger labeling is added, as shown in Figure 3. This
test includes all the ideas proposed in this paper.

Table 5. Negation detection and its scope results

Test 4:
Test 1: Test 2: Test 3: Rules:
Negex Adaptation| Rules Rules 1,2,3,4,5
Rules: 1y 2 1,2,3,41,2,3,4,5 +
POS Tagger
Precision 0.76 0.86 0,90 0.91
Recall 0.82 0.90 0.93 0.95
F score 0.78 0.87 0.90 0.92

In test 1, an F-score value of 78% was obtained, which is the lowest of all
tests. It is because, in this test, the algorithm only takes into account rules 1
and 2, as proposed in Negex. These rules are not sufficient to correctly detect
cases of sentences that have multiple contiguous negation terms. The sentence:

"Andlisis de proteinas 0.2 g/l negativo, c.cetonicos negativo, bilirrubina neg-
ativo, urobilinogeno +- mg/dl, negativo, leucocitos pendiente realizacion. ",

is an example where test 1 fails to calculate the scope because there are mul-
tiple post-negation terms and there is no term that indicates scope termination
for each instance of the detected negation.

In test 2, rules 3 and 4 were added to detect cases where contiguous negation

terms appear, as in the previous example. By adding these rules, the results were
significantly improved, and an 87% F-score was obtained. These rules are useful
since in clinical texts written in Spanish, is very common the use of sentences
that contain negation terms expressed contiguously.
In test 3, we add rule 5, to allow detecting cases where double negation occurs.
By adding rule 5, an F-score of 90% was obtained in the tests performed. It
indicates that, by correctly detecting the double negation, the results improved
by 3% compared to the previous test.

The results obtained in test 4, include all the ideas proposed in this paper.
In this case, 91% accuracy, 95% recall, and a 92% F-Score were obtained. These
results are superior to those obtained in the previous tests and were achieved
by a combination of elements such as the use of 5 regular expressions that im-
proved negation detection and the algorithm shown in Figure 3 to calculate the
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scope. This algorithm takes advantage of the use of heuristics obtained from the
statistical analysis of the negation.

The algorithm shown in Figure 3 also takes advantage of the syntactic prop-
erties of the sentence, such as POS Tagger labeling. POS tagging is very useful
when negation is detected in a sentence which does not contain any term that
indicates the end of the scope.

6 Conclusions and future work

In this paper, we proposed Spa-neg, an approach to negation detection in clinical
texts written in Spanish. This approach used three elements to improve negation
detection: an exploratory data analysis to understand how negation is expressed
in clinical texts, regular expressions best adapted to the way in which negation
is expressed in Spanish, and a shared test corpus focused on negation in clinical
texts. This corpus was useful in the validation and testing process.

The use of additional regular expressions improved negation detection in the
Spanish language because these regular expressions were better adapted to the
way in which negation is written in clinical texts. It is important to mention that
detecting negation in a contiguous way, and detecting double negation improved
negation detection in cases where Negex adaptations to Spanish can present
deficiencies.

To calculate the negation scope, our approach Spa-neg, took into account
the following: the regular expressions with which negation was detected, the
indicators obtained from an exploratory data analysis, termination terms that
indicate the end of the scope and POS tagger properties of the sentence. POS
tagger, in particular, is very useful when negation happens in a long sentence,
which does not contain any words that indicate scope termination.

Negation detection in clinical texts is difficult to achieve since it can be
expressed in different ways. For this reason, it is important to use an annotated
and shared corpus for improving the validation and testing process. In our case,
a shared corpus, "UILA Spanish" was used.

With regard to future work, we are planning to explore other approaches
that can be applied in negation detection in medical texts. One example might
be to include the use of semantic properties of sentences to improve results.
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