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Introduction

Current automated approaches for extracting biologically important facts from
scientific articles are impertect. In order to emulate the human experts
evaluating the quality of the automatically extracted facts, we have developed
an artificial intelligence program (“a robotic curator”) that closely approaches
human experts. We illustrate our analysis by visualizing the predicted accuracy
of the text-mined relations involving cocaine (see Fig. 1).
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Fig. 1. Cocaine: predicted accuracy of individual text-mined facts involving
semantic relation stimulate. The predicted accuracy of individual statements
IS indicated both in color and in width of the corresponding arc. Note that, for
example, the relation between cocaine and progesterone was derived from
multiple sentences.

Materials and methods

Our approach followed the path of supervised machine-learning. First, we
generated a large training set of facts that were originally gathered by our
information-extraction system [1], and then manually labeled as correct or
incorrect by a team of human curators (about 100,000 annotations). Second, we
used a battery of machine-learning tools to imitate computationally the work of
the human evaluators, choosing a set of descriptive features (see Fig. 2). Third,
we split the training set into ten parts, so that we could evaluate the
significance of performance differences among the several competing machine-
learning approaches.
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Fig. 2. Comparison of a correlation matrix for the features (colored
half of the matrix) and a matrix of mutual information between all
feature pairs and the statement class correct or incorrect. The plot
indicates that a significant amount of information critical for
classification is encoded in pairs of weakly correlated features. The
white dotted lines outline clusters of features.

Results

Even the simplest Naive Bayes method had an average ROC score of 0.84,
which more sophisticated approaches surpassed to reach almost 0.95 (see Fig.
3-5).
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Fig. 3. Receiver-operating ,_E,f:f
characteristic (ROC) curves s

for the classification methods [ 'f* ~—Quadratic Discriminant Analysis
that we used.
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Discussion

It is a matter of both academic curiosity and of practical importance to know
how the performance of our artificial intelligence curator compares to that of
humans. If we define the correct answer as a majority-vote of the human
evaluators, the average accuracy of MaxEnt 2 is slightly lower than, but
statistically indistinguishable from humans. If, however, in the spirit of
Turing's test of machine intelligence [2], we treat the MaxEnt 2 algorithm on
an equal footing with the human evaluators, MaxEnt 2 always performs
slightly more accurately than one of the human evaluators.

Conclusion

Machine-learning curation of text-mined facts can
reach the classification quality of human curators.
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