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Abstract

During the scientific discovery process, biomedical researchers pose complex
questions that require precise answers or relevant datasets for further analysis. Se-
mantic Web technologies provide a solution to structured, expressive, integrated
search, but they pose a steep learning curve for domain users. Hence, there is a
usability—expressivity gap in biomedical data discovery. In this work, we will look
at the translation of Natural Language Queries and Statements to structured triple
patterns (head-relation—tail), observed in RDF graphs and SPARQL queries. We
generate word embeddings from a large corpus of biomedical literature, taking
into consideration different named representations of biomedical entities. We also
generate triple pattern embeddings by translating the relations in hyperplanes. We
use a neural network architecture to map syntactic elements in a constituency-
based parse tree to structured triples. We evaluate the generated word embeddings
intrinsically by a visualization of biomedical entities, and extrinsically by classi-
fying each abstract into biomedical topics. We also evaluate the performance of
the architecture for NL—triple translation for a drug knowledge base.

1 Introduction

During the hypothesize-test-evaluate cycle of the scientific discovery process, biomedical re-
searchers can formulate questions, such as Q1: “Which antineoplastic agents target IDHI gene in
glioma patients?” or hypothetical statements, such as “Gene A regulates Gene X and Gene Y in
location M. The above examples requires precise answers (the corresponding drugs or genes) or
relevant —omics datasets for further analysis to generate those answers. Such queries cannot easily
be answered using traditional search engines, that follow keyword matching paradigm. To obtain
answer of such questions currently, a biomedical researcher needs to query multiple heterogeneous
databases with varying representations and formats, and aggregate the query results manually.

To address the the data integration challenges, researchers have started using Semantic Web tech-
nologies, such as the Resource Description Framework (RDF) and the SPARQL structured query
language. Semantic Web technologies help generate a linked and heterogeneous data space that ex-
tends over the traditional Web [[1]]. Multiple data sources can be published as RDF graphs, and sim-
ilar entities in these graphs are represented using Uniform Resource Identifiers (URIs) or are linked
to each other using cross-reference (x-ref) attributes. Several projects, such as Bio2RDF [2f], EBI
RDF Platform [3]] and Linked TCGA [4], use Semantic Web technologies to build the Life Sciences
Linked Open Data (LSLOD) network from a diverse set of heterogeneously formatted biomedical
data sources. The LSLOD network aims to provide a unified, machine-readable data space that aids
semantic normalization, web-scale data computation and heterogeneous data integration. Biomed-
ical researchers can query the heterogeneous sources integrated in the LSLOD network through a
unified querying interface using the SPARQL query language.



However, for wet laboratory biomedical researchers, both RDF and SPARQL have steep learning
requirements. Whereas SPARQL queries are very expressive, allowing a user to formulate exhaus-
tive queries across the LSLOD cloud to retrieve precise results (e.g. “list antineoplastic agents that
have molecular weight less than 200mg”, Natural Language (NL) queries are more usable. Hence,
semantic search and consequently, integrated biomedical data discovery suffers from this usability—
expressivity gap. Hence, a natural language querying method over the LSLOD network that can
enable scalable, autonomous discovery of relevant answers and datasets for evaluating hypotheses is
required. For this work, we will look into the translation of NL-queries and statements to structured
triples head—relation—tail, observed in RDF graphs and SPARQL queries.

With the advent of better methods to generate word embeddings [S]] and robust, scalable neural
network architectures, we will look at a different approach to the NL-SPARQL translation in the
biomedical domain. The rest of the paper is organized as follows: In Section [3 we discuss our
approach towards generating word embeddings from biomedical literature, graph embeddings from
a data source in the LSLOD cloud, structured in RDF, and our a neural network architecture that
combines the salient features of Recursive Neural Networks (RNN) and Long Short-term Memory
Networks (LSTM). In Section [Z_l], we describe the methods and a real biomedical linked dataset,
which we used to evaluate the word embeddings and our architecture. In Section[5] we will describe
the results of these evaluations. Finally, we will summarize the findings of this project and lay out a
future plan to extend it over the entire LSLOD cloud.

2 Related Work

Most current information retrieval methods fall on the intermediate stages on the usability—
expressivity spectrum, from structured search, visual query systems, keyword search, to NL-queries
[6, [7]]. Those methods that do translate NL-queries to structured queries require exhaustive entity
indices, domain vocabularies and structured templates, hence are not scalable for querying the en-
tire LSLOD network [8 9]. NL-querying search engines end up maintaining an inverted index of
terms and the documents in the corpus, in which these terms occur. More recently, these search
engines are grappling with deep learning methods and word embeddings, but they may fall short to
fulfill the needs of biomedical data discovery and question—answering. Newer methods to deal with
NL-querying over structured tables include Neural Enquirer [10]] and Neural Programmer [[11]], that
encode the user query as well as the entire table using embeddings.

On the other hand, with the advent of the Semantic Web, knowledge graph embeddings have be-
come quite popular recently. A knowledge graph is a multi-relational graph composed of entities
as nodes and relations as different types of edges. Each edge can be represented as a triple pattern
(i.e. head entity— relation — tail entity). Knowledge graphs such as Freebase [12], DBPedia [13]]
and Gene Ontology [[14]] have become important resources in many applications such as question—
answering [9]] and semantic search [6]. However, navigating these knowledge graphs and querying
is cumbersome and tedious, and most applications often involve numerical computation in contin-
uous spaces. There are several methods recently developed to generate these knowledge graph (or
triple pattern) embeddings, where each entity head or tatl is represented as a point in a vector space
and the relation represents an operation (may or may not be in the same vector space) [[15} 16, [17]].

3 Approach

3.1 Word embeddings from biomedical publications

We generate the word embeddings using MEDLINE [18], a database of journal citations and ab-
stracts for biomedical literature from around the world. For this work, we only use the title and the
abstract of the citation. Biomedical literature is different from conventional text, in the sense that
biomedical literature may have the same named entity (e.g. Gene or a chemical) referenced in dif-
ferent publications using different notations. For example, HIV may also be referenced as “Human
Immunodeficiency Virus”. In the latter case, we want to indicate that the entire term represents the
same entity. This might not be possible using simple tokenization. We use the PubTator API [19]
to annotate different biomedical entities in the MEDLINE abstracts of the following types — Gene,
Chemical, Disease, Species, Single Nucleotide Polymorphisms and Other Mutations. We also sub-



stitute all kinds of numerical values using the NNNNNNN token. Finally, we use the Stanford NLP
tokenizer to tokenize the title and abstract. An example of the abstract, before and after prepro-
cessing, is shown in the Listing[I] It might be interesting to employ word embeddings for named
entity recognition in biomedical literature, but that is beyond the scope of this project. Moreover,
we pretrain word vectors before use in NL-SPARQL translation, as the data repository used for the
experiments and evaluation of the architecture in the latter task is small. We use the GloVe software
[5]] to generate the word embeddings from the tokenized biomedical publications.

Listing 1: MEDLINE title and abstract before and after preprocessing

‘Effect of hemodialysis on methylprednisolone plasma
levels. The effect of hemodialysis on methylprednisolone levels in
uremia was investigated. Methylprednisolone 15 mg/kg was given

intravenously over a period of 20 min

effect of hemodialysis on id.chemical d008775 plasma levels . the effect
of hemodialysis on id_-chemical-d008775 levels in id.disease_d014511 was
investigated . id.chemical_d008775 NNNNNNN mg/kg was given
intravenously over a period of NNNNNNN min

3.2 Triple pattern embeddings from an RDF graph

The data sources in the LSLOD cloud are published and linked together as RDF graphs. Each such
RDF graph A can be decomposed into triple patterns (i.e. head entity— relation — tail entity).
Each entity h or ¢ can be represented as a point (h or t respectively) in the vector space, and the
relation 7 can be an operation (translation, projection, etc.) that can be represented by a vector r. The
representations of these entities and relations can be obtained by minimizing a global loss function
involving the entities and relations. Simple translation-based methods assume all relations to be in
the same vector space as the entities (e.g. TransE [20]) and use a scoring function f,.(h,t) = ||h +
r — t||. These methods do not consider reflexive relations (i.e. (h,7,t) € A, (¢t,7,h) € A = r =
0,h = t) or one~to—many, many—to—one relations (i.e. Vi € {0,...,m}, (h;,7,t) € A = hg =

. = h,,). However, in the LSLOD, RDF graphs always have such reflexive biomedical relations
(e.g. gene reverse regulation Gene_1 regulates Gene_2 and Gene_2 regulates Gene_1), as
well as one—to—many, many—to—one relations (multiple drugs used to treat a disease).

Hence, we use the method Trans proposed by Wang, et al. [15] to generate triple pattern embed-
dings by translating the relations in different hyperplanes. We summarize the equations proposed by
Wang, et al. below, where f,.(h, t) denotes the new scoring function, {(w,, d )} Rl 1 denote relations
hyperplanes and translations respectively, and (h — w’ hw,.) indicates the prQ]eCthIl of h in the hy-
perplane w,.. {ez} 1 indicate entity embeddlngs and A’ indicates a corrupted graph, generated by
incorrect triples. The function [z]; is a RELU function maz(0, ), and £ indicates the loss that
needs to be minimized, that includes the constraints (unit length vectors, orthogonal hyperplanes).
v, C, o, € are the hyper-parameters that can be tuned.

fr(h,t) = [|(h — wihw,) +d, — (t — wtw,)[[3
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3.3 Neural network architecture

We develop a novel neural network architecture to map syntactic elements in an NL-query or state-
ment to structured triples (cartoon Figure [T). This architecture combines the salient features of
Recursive Neural Networks (RNN) and Long Short Term Memory (LSTM) Networks.

"https://github.com/thunlp/KG2E



For a given RDF graph, we generate entity embeddings {e; } El, relation hyperplanes and the rep-

resented translation vectors {(w, dr)}yi‘l, using the TransH method described above. We then
encode each triple (h,r,t) in the RDF graph to the following vector < ey, w;, d,., e; > by concate-
nating the entity embeddings. The concept is that each syntactic element (represented as a combined
embedding from its subtrees i = [[hreft, hRight] W + b]4) will be used as an input to an LSTM ac-
tivation unit. The order of the triples does not matter in an RDF graph or a SPARQL query, however
there may be parent nodes in the syntax tree for which we do not wish any triple to be output. Hence,
we also generate a NULL triple representation, that will be ignored when aggregating the triples for
the entire NL-statement or query. The RNN determines the best syntax tree, and the LSTM units
determine if a node may not be directly converted to the triple pattern vector at a given depth, or is
memorized for later use (e.g.VP target IDHI gene . ..). Some nodes may be ignored (e.g. determin-
ers). To simplify, the current neural architecture only considers NL-statements as NL-queries will
require “variable” representations for the SPARQL queries that is beyond the scope of this project.

N (h5—)2
During training, we consider the root mean square error (RMSE = 4/ Ztﬁ#) on the output

of the LSTM unit instead of the cross entropy loss, commonly used during the tasks of classification.
The final output of the LSTM unit will be a vector of the same dimensions as the triple pattern vector.

s
Iy

drugs target IDHT

‘U 0009 UU\ LSTM l=p IDHI presentlnpatisnts
LSTM [~

NE P

. 1 000000h[00 ¢ Y patients hasDisease glioma
(eoooeee) LQC‘DOQQ Odgoo"”"‘ e

IDH1 gene in glioma patients?

LSTM L IDHI typeOf Gene
(== P ) (= = A,D] — — N — ,V — m=p drugs hasCategory antineoplastic
(0000000 (0000000 (0000000 (0000000 LSTM
Which? antineoplastic agents target | |

Figure 1: Neural network architecture to map syntactic elements to structured triples. This architec-
ture is inspired from a combination of Recursive Neural Networks and LSTMs.

4 Experiments

4.1 Evaluation of word embeddings

We train GloVe over 20 iterations with an « learning rate of 0.75. We generate 100-dimensional
word embeddings. We evaluate the word embeddings using two different methods. We reduce the
dimensions of the word embeddings and visualize only the biomedical entities in a 2-dimensional
space. We color the different entities based on their type (Gene, Chemical, Disease, Species, Single
Nucleotide Polymorphisms and Other Mutations), as detected from the PubTator API.

We also perform an extrinsic evaluation. Each publication in MEDLINE is annotated with MESH
(Medical Subject Heading) terms (numbers may vary from 5-50), that serve as topics for the pub-
lication. These publications are manually annotated, and generating automatic MESH recommen-
dations is an interesting problem in the biomedical domain [21]. We generate a embedding vector
for each abstract (by averaging across the word embeddings) and use a 2-layered Neural Network,
with 20 hidden nodes in the first layer and 300 hidden nodes in the second layer to generate MESH
recommendations. We calculate precision and recall using different thresholds on the resultant prob-
abilities. We use the hyper-parameters learning rate « = 0.0001, regulation A = 0.0001, 25 epochs
and batch size of 100. For the baseline, we use a simplified version of the method mentioned in [21]],
by first computing a TF-IDF vector for each abstract based on the count frequencies of the words in
the abstracts. Using k-nearest neighbors (KNN) algorithm, we determine the MESH term of a given
abstract by collecting the MESH terms of its neighbors, and scoring by increasing common counts.



4.2 Evaluation of the architecture

For this work, we wuse the DrugBank knowledge base [22] in the LSLOD net-
work. DrugBank is an important biomedical repository of drugs, drug targets and
drug interactions. An example triple pattern in the DrugBank knowledge base is
drugbank:DB00001 drugbank_vocabulary:target drugbank:BE0000048.

To create the training, validation and testing dataset, we use a domain-independent
sentence generation method [23] to convert RDF triples to an NL-statement (e.g.
Lepirudin targets Prothrombin). The NL-statement is annotated using the PubTator
API, as we have generated embeddings for annotated biomedical entities (Section E]) We use the
intermediate tree structure created during this process to annotate desired triple patterns for key
syntactic nodes. These triple pattern-annotated syntax trees form our datasets.

We compute the entity and relation embeddings using TransH over the triples in the DrugBank RDF
graph. We train TransH using the learning rate o = 0.05, constraint hyper-parameter C = 0.25,
corrupted triple margin v = 1 and the orthogonality error hyper-parameter ¢ = 0.01. We train the
neural network architecture for two learning rates « = 0.001 and o = 0.005, regulation A = 0.001,
25 epochs and a batch size of 50 NL-statements. We will evaluate the performance of the architecture
using precision and recall of the translated triples. These metrics will be calculated by estimating
the k-nearest triple pattern vectors for the output of each LSTM unit, given a NL-statement. We will
then set different thresholds on k to determine the number of accurate triple pattern vectors in the
set of the output triple patterns. There is no current gold standard or an expert curated set of triple
pattern-annotated syntax trees for the ground truth.

S Results
5.1 Biomedical Word Embeddings
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Figure 2: Visualization of the Entity Word Vectors using Principal Component Analysis. It can
be seen that the entities of the same type — Gene (Green), Chemical (Blue), Disease (Red) and
Mutation (Black), almost cluster together in a 2-dimensional space.

Our corpus of MEDLINE had a total of 1,568,472,762 abstracts with 3,574,811,534 tokens and
10,989,054 unique words. While generating the vocabulary, we removed those words that had a
count of less than 5 occurrences. This threshold was determined as many abstracts had spelling
errors resulting in different words (e.g. plasmoduim instead of plasmodium) The final vocabulary
size was 2,218,381 words, with 139,491 distinct biomedical entities (The latter statistic does not
include words like id_chemical _d008775-treated, etc.). We executed dimensionality reduction on



the 100-dimensional word vectors of biomedical entities using the Principal Component Analysis
method, and visualized the entities as shown in the scatter plot (Figure[2). It can be seen that the
entities of different types — Gene (Green), Chemical (Blue), Disease (Red) and Mutation (Black),
almost cluster together in a 2-dimensional space. Entities of type Single Nucleotide Polymorphisms
(Yellow) and Species (Purple) are scattered around the cluster of Gene and Disease nodes predom-
inantly. A possible explanation may be because SNPs are single base changes generally found in
Genes, and diseases may be mentioned or tested in the context of a given organism.

We evaluate our generated biomedical word embeddings also for the task of MESH term recom-
mendations. We extracted these MESH terms from the MEDLINE corpus and only considered
those MESH terms for which more than 5 publications are annotated. Hence we have a total of
26,995 MESH term labels. We also consider those publications with an abstract and corresponding
MESH terms. We split the MEDLINE corpus into training, validation and test. The training set
had around 8.3 million abstracts, validation and testing sets had around 2.7 million abstracts each.
We threshold the resultant probability predictions for the MESH topics at different thresholds. The
highest precision and recall metrics for the baseline model (KNN, with TF-IDF vectors, k = 6) was
0.31 and 0.45 respectively, which is almost close to the original paper discussing the method [21]].
The highest precision and recall metrics using our 2-layered neural network model was 0.86 and
0.22 respectively (precision—recall plot not shown). The recall is a bit less when compared to the
baseline model, but the overall precision is higher, and some of the desired mesh terms for a given
abstract have much larger probabilities to be ranked higher.

5.2 NL-triple translation results
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Figure 3: Precision—Recall curve for a = 0.001 Figure 4: Precision—Recall Curve for o = 0.005

We evaluated our neural network architecture using two learning rates, and the other hyper-
parameters were fixed. DrugBank knowledge base has more than 6.5 million triples. We generated
the verbal representation of 5,000 sets of triples for the training datasets (i.e. 5,000 NL-statements),
1,000 sets of triples for the validation and the testing datasets respectively. Each such set of triple
may have a combination of 1-20 triples (including NULL triples). During the prediction stage, each
parent node in the predicted syntax tree through the RNN should output one triple pattern vector
after LSTM activation. We determine the proximity of the output triple pattern vectors to k-nearest
triple pattern vectors in the DrugBank repository, to generate precision—recall curves (e.g. number
of accurate triples at k = 10 triples output at each parent node in the syntax tree).

The precision-recall curves for the two learning rates are shown in Figure 5.2} Each line indicates
the precision and recall metrics on training 10 batches of training samples. It can be seen that the
precision and recall increases as the number of epoch increases, however as the training increases,
the highest recall value actually decreases. However, the recall value at the highest precision value
actually increases. The black line indicates the precision and recall curve for the test dataset. At
a = 0.005 we obtain a slightly higher precision, and the recall value at this higher precision measure
(k = 1) is also somewhat higher. Moreover, even though the recall is somewhat lower than the first
learning rate o = 0.001, the rate of “recall decrease” is also lower (lesser width). The maximum



precision+recall for both the plots are around 0.6-0.65 and 0.07 respectively, though area under the
curve is higher for o = 0.005. We must try to evaluate the method for higher values of a.

6 Conclusion and Future Work

In this work, we have demonstrated a small application that leverages word embeddings, triple
pattern embeddings and a neural network for NL—triple translation. Our neural network is inspired
by combining Recurrent Neural Networks with Long Short-term memory activation units, and then
using a root mean squared error loss function to predict the triple pattern vectors. In this work, we
have not evaluated the entity embeddings and the relation hyperplanes and translation vectors of the
RDF graphs. There are intrinsic and extrinsic evaluation methods to evaluate these triple pattern
embeddings (knowledge graph completion, etc.), that can be explored in the future. Moreover, our
method to generate these triple pattern embeddings, assume that the entity and the relation vectors
should be in the same vector space. Newer methods, such as TransR [16], generate two separate
vector spaces E and R, and these methods will be explored in the future.

In the future, we will generate word embeddings by running GloVe for different values of the hyper-
parameters, especially more number of iterations, and observe whether the clusters of biomedical
entities can further be separated. It can be commented that such an architecture may not be scalable
across the entire LSLOD cloud, as we will have to generate such triple pattern embedding vectors
for every datasource that is currently integrated in the LSLOD cloud. The total number of triples in
the LSLOD cloud are more than 1 trillion. Efficient methods to determine vector sub-spaces should
be explored. We will also like to evaluate the method for a larger training set with different values
of hyper-parameters to see if the precision—recall metrics are better. Moreover, this method should
be evaluated for two or more RDF knowledge bases in the LSLOD cloud.

Finally, using word embeddings to generate MESH term recommendations is an interesting and a
novel challenge, and we will definitely like to explore this avenue further. In this work, we have used
a simple 2-layer recurrent neural network for the extrinsic evaluation, however other kinds of neural
networks like Recurrent Neural network can be used for this problem. Instead of simple baselines,
the new method should also be compared with polylingual topic models. In the future, we may
want to train the entire architecture in an end—to—end fashion, instead of training GloVe, TransH and
then the neural network architecture separately. Also, through an empirical analysis of the tokenized
MEDLINE corpus, we found that the PubTator API was not able to annotate some chemical and
gene names. Given the size of the LSLOD cloud, an end—to—end architecture, that learns the word
embeddings and triple pattern embeddings, determines the named entities and performs NL—triple,
or NL-SPARQL query translation can be established.
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