Machine learning-based detection of chemical risk
a

Natalia GRABARa,1 and Ornella WANDJI TCHAMIa and Laura MAXIMb
CNRS UMR 8163 STL, Université Lille 3, 59653 Villeneuve d'Ascq, France
b
Institut des Sciences de la Communication, CNRS UPS 3088, France
Abstract. Chemical risk appears with chemical substances that are dangerous for
human or animal health, or for environment, such as with Bisphenol A and phtalates. Chemical risk causes several severe health disorders and is particularly dangerous for human health. Specific agencies are involved in the verification of the
suitability of products and goods to be marketed. For this, a large amount of scientific and institutional literature is manually analyzed to study the current knowledge on the associated chemical risk. We propose to use machine learning and
dedicated classification for the automatic detection of chemical risk statements.
We test several algorithms and features and obtain between 0.60 and 0.95 F-measure.
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Introduction
Chemical risk appears when chemical substances, dangerous for human or animal
health or for environment, are used. For instance, substances like Bisphenol A and
phtalates are endocrine disrupters that, at certain doses, can interfere with the endocrine
(or hormone system) in mammals [1,2]. They cause a great number of severe disorders
such as sexual development problems (feminizing of males or masculine effects on
females), breast cancer, prostate cancer, thyroid and other cancers, brain development
problems and deformations of the body [3]. Although controversial, the effect of
endocrine disrupters occupies an important place in medical and economical spheres.
For these reasons, authorization for marketing of some products and goods may depend
on their chemical composition. Such authorizations are delivered by specific agencies
like European Food Safety Authority (EFSA) [4]. People working in these agencies
have to analyze a great amount of literature to provide scientifically-based arguments
for decision-makers on possibility and appropriateness of marketing of these products
and goods. We propose an automatic approach for the analysis of literature and for
detection of sentences related to chemical risk. In the following of this paper, we
present first the material used, we then introduce the methods, discuss the results
obtained and conclude with some future work.
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1. Material
Processed corpus. The corpus processed [5] proposes review of scientific literature
on Bisphenol A-related experiments and known experimental results. It contains over
80,000 word occurrences. The corpus contains typical statements that may be found in
scientific and institutional literature. The arguments provided are used for supporting
the decisions for managing the chemical risk uncertainties.
Linguistic resources. Linguistic resources contain linguistic markers for describing
several aspects of the content of scientific writings: negation [6] (eg, no, not, neither,
lack, absent, missing), which indicate that experimental results have not been observed
in a study, that a study did not respect the norms, etc.; uncertainty [7] (eg, possible,
hypothetical, should, can, may, usually), which indicates doubts about the results, their
interpretation, significance, etc.; limitations (eg, only, shortcoming, small, insufficient),
which indicate limits, such as small size of a sample, small number of tests or doses,
etc.; approximation (eg, approximately, commonly, considerably, estimated), which
indicates limits due to an imprecise or approximate values of substances, samples,
doses, etc. Such markers are frequent in the scientific writings, especially negation and
uncertainty that have been quite well studied in previous work [8,9]. The limitation and
approximation markers do not seem to have been used in existing work.
Classification. The classification describes types of chemical risk factors and
uncertainties like causal relationship between the chemicals and the induced risk, such
as laboratory procedures, human factors, animals tested, significance of results, form of
reporting, natural variability, control of confounders, exposure, dosage, assumptions,
performance of the measurement and analytical method, etc. [10].
Reference data. The reference data are obtained thanks to a manual annotation by a
specialist of chemical risk: 425 segments are assigned to 55 classes of risk factors. The
classes to not overlap. The reference data are a subset of the whole corpus.
2. Methods
Machine learning, or supervised categorization, is exploited for performing the
automatic detection of sentences that mention chemical risk uncertainties and different
classes of the chemical risk uncertainties.
Pre-processing and Annotation. Corpus is pre-processed with the Ogmios
plateform [11] through tokenization into words, POS-tagging and lemmatization by
Genia tagger [12]. The corpus is also annotated with the linguistic resources.
Supervised categorization. For the automatic detection of risk factors, we use the
reference data and supervised categorization [13]. The categories to be recognized are
positioned at two levels: first, we want to detect sentences concerned with the chemical
risk uncertainties; second, we want to detect to which classes of chemical risk these
sentences belong. In the first case, we address a more general problem, while in the
second case, we try to perform a fine-grained classification of sentences. For each
experiment, we build datasets with equal numbers of positive and negative examples.
For instance, when sentences are to be categorized at the level of chemical risk
uncertainties, we recruit the 425 positive sentences related to chemical risk and 425
negative sentences non-related to chemical risk. We proceed similarly when recruiting

data for different classes, but in this case, the negative set combines both sentences that
are non-related to chemical risk and sentences that are related to other classes of risk.
Features used. The features used for the categorization are issued from the
semantic annotation: forms (words as they occur in the texts: uncertain, risks); lemmas
(lemmatized words: uncertain, risk); lf (combination of forms and lemmas:
uncertain/uncertain, risks/risk); tag (morpho-syntactic or POS tags of the words: adj,
noun); lft (combination of forms, lemmas and tags: uncertain/uncertain/adj,
risks/risk/noun); stag (semantic tags of the words, such as uncertainty, negation,
limitations, approximation); all (combination of all the features). The features are
selected according to the number of documents they occur within. We test several
values, going from 1 to 4 documents. The objective is to reduce the decision space and
to select the most relevant features.
Feature weighting. These features are weighted in three ways: freq (row frequency
of features); norm (normalization of the frequency by the document length); tfidf
(weighting of the frequency by term frequency*inverse document frequency [14]).
Evaluation and Baseline. We apply the cross-validation [15], designed to use two
distinct data sets during training and test steps. We perform a three-fold crossvalidation. We compute three evaluation measures: precision (percentage of sentences
that are correctly categorized among all the sentences categorized in a given category);
recall (percentage of sentences correctly categorized comparing to those that should be
categorized in a given category); f-measure (their harmonic mean). We also exploit a
baseline, that corresponds to the assignment of sentences in the default category. For
instance, with a two-category test (eg sentences related to the chemical risk
uncertainties and sentences non-related to the chemical risk uncertainties) and the equal
number of sentences in each category, this kind of baseline would generated 50%
performance, as all sentences would be assigned to the same category. Comparing to
this baseline, we also compute the obtained gain, that corresponds to the real
improvement of the performance P by comparison with the baseline BL [16]: (P-BL)/
(1-BL).
3. Results and Discussion

1(a). All sentences

1(b). Significance of results 1(c). Form of reporting

1(d). Natural variability

1(e). Confounder control

1(f). Assumptions

Figure 1. Performance (F-measure) obtained on different datasets with J48.

We tested several algorithms provided by the Weka platform. The decision-tree
algorithm J48 [17] is rapid and provides competitive results. We present here the
results obtained with this algorithm. Figure 1(a) shows the results obtained when
distinguishing sentences related to the 55 classes from the reference data. The x-axis

indicates the features used (forms, lemmas, semantic tags, POS tags or their different
combinations). The y-axis indicates the performance values (F-measure). Different
colors of the lines correspond to the weighting of the features (row frequency,
normalization by the document length, normalization with the tfidf). Moreover, for
each normalization, different thresholds for the feature selection are applied. Figure
1(a) indicates that the performance is stable (between 0.61 and 0.64), with different
features used. Exploitation of forms, semantic tags and combination of all the features
give slightly better results. Although very simplistic, the POS tags (eg nouns, verbs,
adjectives) appear to be quite efficient to the task. Concerning other settings of the
method: we obtain similar results with different normalization methods (row frequency,
normalization by the document length, normalization with the tfidf); the feature
selection has no impact of the results. Compared to the baseline (0.50 F-measure), we
obtain 0.24 points of improvement.
Classes that contain at least ten sentences are treated. We present here the results
obtained on five classes: Significance of results (Figure 1(b)), Form of reporting
(Figure 1(c)), Natural variability (Figure 1(d)), Control of confounders (Figure 1(e))
and Assumptions (Figure 1(f)). We can observe that there is no direct and observable
dependance between the size of the datasets and the performance obtained: the results
are similar for several classes whichever the feature selection and weighting, while
with other classes the variability of the results is important. Similarly, the results may
depend on the feature selection, especially with the class Confounder control. In
general, we can observe poorer performance with semantic tags (stag) and POS tags
(tag). Usually, forms, lemmas and their combinations with other features appear to be
efficient. Compared to the baseline, the highest gain is obtained with the class Natural
variability, which means that this class shows specific linguistic features (lexicon,
markers) by comparison with the rest of the sentences. The automatic detection is then
facilitated by this fact. Here is an example of sentence related to the class Natural
variability: “Based on the re-analysis the Panel considered that no conclusion can be
drawn from this study on the effect of BPA on learning and memory behaviour due to
large variability in the data.” Among the salient features, we can find words such as
variability, differences for the class Natural variability; factor, uncertainty for the class
Choice of uncertainty factors; contamination, not, confounders, confounding for the
class Control of confounders. They are often evocative of the semantics of the
corresponding class.
4. Conclusion and Perspectives
The presented work provide experimental insights into the automatic detection of
sentences related to the chemical risk uncertainties. We proposed to perform the
extraction of sentences concerned by chemical risk at two levels: detection of sentences
potentially concerned by the chemical risk uncertainties; detection of sentences
potentially concerned by specific classes of chemical risk uncertainties. Several classes
from the reference data contain but a small number of sentences: their automatic
categorization is not performed currently. One possible solution is to perform the oversampling [18]. Still, with the current experiments, the limitation due to the size of
classes is partially overcome by the fact that sentences under these classes can be
detected without specifying their category (ie, general relation to the chemical risk

uncertainties and not to a given class of chemical risk uncertainties). The performance
obtained is respectable: it varies between 0.60-0.70 for classes that are difficult to
detect, and up to 0.82-0.95 for classes that show lexical and semantic specificities.
Our future work will address the current limitations of the presented experiments:
building the dedicated lexicon, application of over-sampling algorithms, use of other
methods (topic modeling, information retrieval). Besides, the proposed methods will be
applied to a larger corpus of documents from the chemical risk area, as well as corpora
concerned with other chemical substances. The extracted results will be presented for
evaluation and assessment to experts working in environmental agencies.
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