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... MeHg—This is the chemical formula for methylmercury, an environmental con-
taminant. The concepts of contaminant and contamination are not in ENVO. However,
because this concept is relevant to the domain of interest, I did record these text spans
and their related ideas so as to begin to build a set of concepts to expand ENVO in future
work.

... (MeHg as a percent of total Hg)—A gain, we identified the spans MeHg and Hg as
the missing concept contaminant.

... in Everglades sediments—This phrase is tricky, because Everglades and sediment
appear as individual concepts in ENVO, but when they appear in succession they form a
multiword expression. Everglades sediment does not appear directly in ENVO. However,
as it is presumably a subclass (or multiple subclasses) of sediments generally, we queried
ENVO for the entity sediment (ENVO ID 2007), and examined its children for potential
matches. Sediment has multiple children, namely, specific subtypes such as lake sediment
or contaminated sediment. However, because there is no concept corresponding to the
specific collection of different types of sediments that comprise the Everglades, we tagged
this with the more general entity sediment.

... noting that samples from the Everglades—For this span, we first looked through
ENVO to find a concept for Everglades. The closest concept is peat swamp (ENVO ID
189), which has no children, and so we tag this span using this concept.

... were comparable to Hg-contaminated Mobile Bay sediments.—For this span, we
again tagged Hg as the missing concept contaminant. In the same way as above for Ev-
erglades sediment, the phrase Mobile bay sediments was tagged with the general concept
sediment.

The first four articles were the result of a previous pilot annotation study
2017]). The first three co-authors in that study and a domain expert served as the

annotators for those articles, and were annotated as follows: we annotated the first 50
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omitted the abstract concept features as well as the sentence counts and position features.
This two-model approach attempts to mimic how human read scientific articles, namely,
using the concepts found in the abstract to better guide the understanding concepts found
in the rest of the text.

With regard to the parameters of the RDF classifiers, max_features was set to the
square root of the total number of features in an individual run, number_of_trees was
arbitrarily set to 50, where this is referring to the number of trees built before taking the
average tree votes for predictions. Finally, min_sample_leaf was set to 50. To implement

these models I used the scikit-learn python ensemble module [Pedregosa et al., 2011].

5.2.5 Experiments and Results

As discussed above, I randomly split the dataset into training and testing sets across ten
folds, resulting in 11 articles for training and 3 for testing in each fold. The models
learned a total of 192 unique concepts. For all experiments, I evaluated the performance
of the models on each concept using the F; measure averaged across all folds. Here [
present the evaluation methods and results, describing the baseline approaches, as well as
the performance of both the baselines and my method average, averaged across the test

sets.

Baseline Methods

I compared my approach to two baseline methods. The first baseline was a keyword-based
approach, where [ matched sentence words directly to the names of ontology concepts.
All previously mentioned preprocessing steps were performed on both the text and the
ontology, such as lemmatization of both concepts and words in the sentences. This model

needed no training. The second baseline was a Bag of Words (BoW) supervised classifier.
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For this classifier, [ trained and tested a support vector machine (SVM) [Cortes and Vap-
nik, 1995] following the same cross-validation splits and multi-label fashion as used for
my proposed approach. The SVM classifier was trained using the RBF kemnel function

and a soft margin C of 10,000—a common setup.

Experiments

As noted above I built two models: (1) an abstract-only model, and (2) a body-only
model. Both the models learn concepts using all sentences in the text (including the
abstract), but as the names suggest, they only used to label the abstract sentences and
the body sentences respectively. Additionally, the the body-only model uses the labels
produced by the abstract-only model as features for labeling the body of an article. In
order to compare the efficacy of using the sense2vec approach as a feature, I built trained
and tested the same models using a word2vec approach instead.

Table 5.2 shows three average F} scores over different sets of concepts for all dis-
cussed approaches. The first column shows the average Fj score for the concepts with sin-
gle occurrence in the original data (61 concepts), while the second column shows the av-
erage scores for the top 50 concepts in terms of total occurrences over all the articles. The
last column shows the results over all concepts. The proposed approach (RDF _sense2vec)
outperforms both baselines as well as the RDF_word2vec models across all concepts. Ad-
ditionally, Figure 5.1 shows the frequency of the top 50 ENVO concepts as well as the
average F) score of each for each of the concepts. As shown, the score drops with the
frequency of the concept in the dataset, although not dramatically. This is expected as
it is a result of the original class imbalance. Finally, the abstract-only model performed
similarly well with a 0.69 F} over all concepts present in the abstract sections, which were

relatively small in number.
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Figure 5.1: Frequency of the top 50 ENVO concepts (grey bars) and the average 10-fold
testing results (F scores) for each of the concepts (black line).

Unique Concepts
Approach Single Top 30 All

Keyword Search  0.39 035 0.38

SVM_BoW 045 0.56 0.50
RDF_word2Vec  0.54 0.69 0.61
RDF_sense2Vec  0.67 078 0.76

Table 5.2: Average F scores per approach over all concepts, the 50 most frequent con-
cepts, and the 61 least frequent concepts with single occurrences.

As discussed in §5.2.4, I proposed that the model’s performance would improve when
(1) abstract concepts are used as features for the body concept extraction, and (2) sentence
positions are also included as features (i.e., sentence positions relative to the article as a
whole and individual sections). To evaluate this, I performed four experiments, testing
the inclusion of abstract concepts and sentence position features. Table 5.3 shows three
average I scores over different sets of concepts per experiment.

In the last row in Table 5.3, both abstract concepts and sentence positions were in-
cluded as features in the models. The results confirm my hypothesis, in that the inclusion
of both of those features yields better labeling results across all concepts. The second-to-

last row shows the results for including the abstract concepts as features, but omitting the
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Features Unique Concepts
Abstract Position Single Top 50 All

Omitted Omitted 0.52  0.69 0.65
Omitted Included 0.63 0.71  0.68
Included Omitted 0.63 0.76  0.70
Included Included 0.67 0.78  0.76

Table 5.3: Average F) scores for the feature combination experiments. The first two
columns indicate whether the abstract concepts and sentence positions were included or
omitted as features in the models.

position features. This resulted in lower results overall, but significantly impacted the av-
erage score for the single occurrence concepts. Interestingly, I investigated this and found
that deeper concepts (i.e., in terms of the ontology hierarchy) are found at higher densities
close to the middle of the articles as well as the centers of article sections. In retrospect
this makes sense, as the methodology section of a scientific paper (located around the
middle) would normally contain detailed concepts rather than abstract ones. To put this
together, most of the single occurrence concepts are deeper, low-level concepts, hence the
low occurrence frequency in the original data. The second row shows the results for only
omitting the abstract concepts as features when labeling the rest of the text in the articles.
Again, the models’ performance dropped overall, but less so than for single occurrence
concepts. This can be attributed again to including the sentence position features, which
aid the labeling for less frequent concepts. Finally, the first row shows the results for

omitting both features with the models performing the worst across all concepts.

5.3 Using Document Structure for Ontology-Based Concept Learn-
ing

Ad discussed before, academic literature search is a vital step of every research project,

especially in the face of the increasingly rapid growth of scientific knowledge. Ontology-
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tional, syntactic, and semantic features that improves detection of the order of discourse
labels in a news article at the paragraph level as well as models the paragraph content
of each label type. 1 evaluated my model’s performance against two baselines and three
existing models with various subsets of features. I showed that the CRF model repre-
sents a significant improvement in this task. Most importantly, my work demonstrated
the importance of modeling paragraph and discourse label type inter-dependencies.
In[chapter 4|1 demonstrated the first approach to discovering, in a data-driven manner,

the section structure for a document class. My approach uses a modified Bayesian model

merging algorithm [Stolcke and Omohundro|, (1994, Finlayson, [2016], which outperforms

three baselines across five different document classes by significant margins.

On another tangent, in I first presented a literature review of state-of-the-
art approaches to academic search, specifically focusing on semantic academic search
and contrasting that with keyword search approaches. I then discussed two studies on
ontology-based semantic concept detection of scientific articles. In section I pre-
sented a system for learning to identify domain-specific ontology concepts in the aca-
demic literature, specifically for the biogeochemical domain. I created a dataset of aca-
demic articles that a team of researchers and I manually annotated. I then used the an-
notated dataset to build a supervised machine learning model—a random decision forest
classifie—which was trained and tested using cross-validation. Further, [ identified a set
of useful features and evaluated their efficacy in training and testing the models. The
RDF model significantly outperformed the the baseline methods discussed. Finally, in
section [3.3] I demonstrated an extended approach for semantic concept leamning for the
scientific literature. I used a conditional random fields model with an extended set of
features that demonstrated the efficacy and efficiency of structural features for concept
learning. Importantly, | incorporated my earlier approach on section type discovery of

scientific articles and demonstrated that it significantly improves the classification results.
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This highlights the importance of using information embedded in document structure in
semantic search tasks.

Finally, my research advances NLU and automatic semantic extraction research through
the creation of novel domain-specific document structure understanding and concept de-
tection models. As discussed earlier digitized data is ever-growing, and that includes
medical, legal, journalistic and scientific documents [Feldman et al., 2012]. Published
scientific articles and human knowledge is no different. In fact, according to IBM the
human knowledge curve has moved from being linear to exponential and it is expected
that soon (a few years) human knowledge will be doubling every 12 hours [Coles et al.,
2006].

More specifically, this research has an expected impact in several NLP subdomains
and applications. To name a few: semantic search is a direct example of the applica-
tions that benefit from such research as keyword-based search is becoming obsolete given
the amount of available information and its well-known deficiencies in identifying and
retrieving relevant results. While automatic summarization of documents is another ex-
ample. Applications in this subdomain and relevant to this work would include automatic
summarization of psychiatric reports, for example, to allow medical practitioners to have
more time listening to patients rather than reading documents describing them. While
scientific article summarization models can automatically generate abstracts as well as be

used to semantic plagiarism analyzers.
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