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1 INTRODUCTION

Researchers often face difficulty parsing the large
body of publications available to them, particu-
larly those not directly related to their area of re-
search. This can lead to an absence of knowledge
of pertinent work that may be relevant[2]. It is
essential for researchers, especially medical person-
nel, to be able to understand the intricate relation-
ships between research publications. Visualization
of those relationships can facilitate and expedite dis-
covery and synthesis of related concepts [18]. NLP
can facilitate the transformation of textual data
into semantic knowledge representation [16, 22, 23],
which can greatly expedite such literature review.
Although this project is limited in scope to pub-
lications related to COVID-19, the larger task of
processing text-based data and succinctly catego-
rizing it through visualization can lead to more
efficient ways of accessing relevant academic papers
to meet the needs of researchers, medical personnel,
students, and others.

2 PROBLEM DEFINITION

The aim is to ascertain and visualize a knowledge
representation of the semantic conceptual domains
of research for a selection of published literature.
The target corpus consists of research publications
related to COVID-19 [1, 27]. Our tool will allow
users to select the underlying NLP techniques, re-
sulting in different graphical representations for the
output of each technique. Our method modernizes
previous tools such as Jigsaw [11] to identify textual
similarities with greater emphasis on semantic con-
text. The success of this project will be in capturing
the specific conceptual and semantic domains of
article content as a knowledge representation.
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3 BACKGROUND SURVEY

When categorizing documents, rarely will all groups
will be completely distinct. There is often consider-
able overlap between their topical content. In Wan
[26] subtopics were derived from each document by
using approaches such as agglomerative clustering of
sentences or TextTiling. Similarities of these topics
are then calculated across documents. Fan et al. [10]
applied Stanford Core NLP Parser with Word2Vec
on image captions to extract semantic concepts and
create concept clusters associated with the text and
images. This approach precisely identified images
content based on the text, but showed the limita-
tions of NLP in capturing the contextual meaning
of words.

Bidirectional Encoder Representations from Trans-
formers (BERT) successfully classified sentences
from abstracts in a corpus of academic papers about
construction [6]. Sentences were separated into one
of four ontologies and one network for each ontol-
ogy was generated. Document and ontology nodes
were linked with edges, allowing graph traversal,
but reference information for the related papers
was not present. Cite2Vec [3] included novelties by
expanding the citation-network data to also include
sentences from other papers in hich the target paper
is cited. NetLens [12] used a content-actor model,
where the user can navigate two submodels in par-
allel based on either the document content or its
sources. Cite2Vec utilized an undirected node-graph
of keywords and documents while NetLens used a
more simplistic visualization of barcharts and flow
graphs. Cite2Vec excelled at linking related papers
to one another, but was less efficient at creating
well defined boundaries of topics. Jigsaw [11] used



a hybrid approach combining different forms of vi-
sualizations with varying computational ideas for
word embeddings.

Numerous methods have been developed to iden-
tify key ideas from text-based data, such as the
Latent-Dirichlet Allocation (LDA) and nonnega-
tive matrix factorization models [4, 13]. Both result
in a probability distribution of topics per docu-
ment as well as the probability distribution of words
[7]. BERT is a bidirectional neural network-based
NLP pre-training technique [9]. It is an improve-
ment over Word2Vec in that context is preserved
in the final embedding, and improves upon previ-
ous unidirectional language representation models
with bidirectionality allowing for a more complete
understanding of context sensitive features. Like
BERT, a graph representation of each document
can be formed as described in Schenker et al. [24], in
which words are represented as nodes and edges in-
dicate their positional relationship in the document.
Similarity is then calculated with graph distance
measures.

Another challenge in unsupervised clustering meth-
ods is that some domain knowledge is typically re-
quired for determining how many clusters should
be present. If an algorithm such as DBSCAN [15] is
utilized, however, the number of clusters need not
be known. Instead, a distance function is utilized
to compare points that are organized into neighbor-
hoods of a configured density or above.

4 PROPOSED METHODS

The primary innovations of our application include:

1. focus on paper contents, not citations,

2. quantifying the effectiveness of clustering for
end users’ exploration, and

3. relating papers to topics, then topics to each
other, rather than trying to directly compare
papers.

Rather than focusing on the citations like prior
approaches, we focus on the contents of each paper’s
abstract utilizing a multi-step NLP approach to
perform analysis on approximately 400,000 research
papers on COVID-19 [1]. The precomputed results
will then be rendered to the end user, allowing
them to select between the options available and
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drill down from a high-level overview of topics into
the individual papers present in the corpus.

All team members contributed equal efforts to
the final project.

e Keegan Nesbitt: Setup of compute/storage in-
frastructure, graph representation, research
Ul implementation, and creation of demo code
and instructions.

e Erhan Posluk: NLP pre-processing, scaling of
pre-processing with Spark/AWS, and demo
code instructions.

e Annmarie Thomas: Ul design and implemen-
tation, coding and testing

e Tina Nguyen: Ul design and implementation,
coding and testing

e James (Scott) Cardinal: Network analysis, sim-
ilarity and adjacency measures, topological
overlap, graph construction and analysis.

e Shad Hopson: Research and implementation
of BERT and LDA topic extraction, and demo
code instructions.

4.1 NLP Pre-processing

The data for this project was obtained from the
Kaggle website consisting of a csv file, where each
row is a unique paper and the columns are features
of interest (paper id, title, authors, abstract text,
etc.). While the data was plentiful, it was not in
a usable state for use with natural language pro-
cessing. Steps taken to transform the raw abstract
data into a usable structured dataset, along with
tools of implementation within PySpark are listed
as follows:

1. Eliminate bad data and duplicate entries (stan-
dard library functions).

2. Convert letters to lowercase (standard library
functions).

3. Expand contractions (user-defined-function with
contractions library).

4. Replace non-alpha characters with spaces and
remove single character words (reg expres-
sions).

5. Tokenize long strings of texts into lists of words
(user defined function with NLTK library).

6. Lemmatize all tokens to the respective base
terms (user defined function with NLTK Word-
net).
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7. Compare lemmatized tokens to list of stop
words and filter accordingly.

8. Write pre-processed data to readily accessible
files (parquet format).

The decision was made to use lemmatization in-
stead of stemming because it produces more inter-
pretable results for topical modeling. Lemmatiza-
tion converts a word to a meaningful base term,
whereas stemming cuts off the last few characters
producing a common root (e.g., “loves” transforms
to “love” with lemmatization and “lov” with stem-
ming). Lemmatization was completed on the list of
words for each paper using Wordnet lemmatization
technique from the NLTK Python package. A few
additions were made to the standard stopwords list
for our dataset. Words like abstract, introduction,
figure, and table references were common, but not
valuable to our modeling. The final step was to store
this data in a readily accessible fashion — an SQL
database for the demo code, and Parquet files when
implemented at scale in AWS EMR. An example of
the pre-processing (before and after) can be seen in
the Appendix.

4.2 Topic Extraction &
Modelling

Two methods were used for topic extraction. First,
we used the library BERTopic, which uses BERT
to find word embeddings in a document. BERTopic
clusters documents using UMAP [17] for initial di-
mensionality reduction, then HDBSCAN [5] to clus-
ter along the reduced embedding map, to identify
high-probability topics within the global lexicon of
the corpus. Cluster distance is measured by TF-IDF.
In the second method, we vectorize the abstracts
with TF-IDF, cluster the data using a Gaussian
mixture model, and then use LDA to find the topics
of each cluster.

To select the optimal number of topics, we vary
the number of topics when running the LDA code.
We can compare these sets of topics quantitatively
via the coherence measure [25]. Qualitative exam-
ination will occur by reviewing the words present
in each topic to see how distinct each topic is and
whether we believe they would aid a research in
identifying relevant research.

Our approach to modelling the extracted topics is
essentially one of biclustering. Topics retrieved dur-
ing the extraction are clustered by co-expression in
documents across the corpus, while documents are
clustered by the distribution of their probability of
association with topic vectors. Using correlation as
a similarity measure derived from document proba-
bilities of extracted topics, the adjacency between
topics or papers was calculated either by signum
function or exponentially damped weight. From
that adjacency, we calculated the network’s topo-
logical overlap [14, 28|, with a quantile threshold
cutoff for the final graph adjacency matrix. From
that topological overlap matrix (TOM), we form an
undirected acyclic graph of all topics identified from
the papers utilizing Python’s NetworkX package.
Each node in the graph represents a single topic,
while the edges represent the similarity measure
between topics.

With the subsequent graph, we utilize the Girvan-
Newman algorithm [19, 20] to identify network com-
munities indicating clusters of topics. This algo-
rithm utilizes the TOM edge weights to group the
paper topics into different clusters by identifying
edges with the highest betweenness. At each itera-
tion, an edge is removed to separate communities
of nodes and the remaining edge with highest be-
tweenness is recalculated. The iterative approach
of removing edges to form clustered communities
results in a hierarchical clustering that could be
visualized as a dendrogram. Output of the cluster-
ing assigns each topic to a given cluster. As the
number of clusters can vary depending upon how
many iterations are executed, a continuous range
of cluster counts are produced.

To assist selection of the number of clusters, we
calculate the effectiveness of the clustering using
NetworkX. Specifically, we utilize the modularity
metric [8, 21] to identify community structure within
the topic network. A clustering with many within-
cluster connections but few connections with differ-
ent clusters will have a high modularity value. When
viewing the results, the user can vary the number
of topic clusters he or she wants to visualize. Since
the modularity value is specific to the number of
clusters, the value is displayed to the end user as
additional information and used to recommend a
default clustering.
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Figure 1: Topic cluster modularity and per-

formance of Girvan-Newman communities
from BERTopic graph.

We produce the graph clustering output twice,
once with BERTopic output and once with LDA.
For each combination of topic modeling and topic
similarity approach, the graph will be constructed
and clusters formed. Selection of these approaches
gives the user more flexibility to select the option
that seems to perform best for his or her use case
while allowing quick interaction, since these options
are all precomputed. However, our end user is not
expected to be knowledgeable in the field of topic
modeling, similarity metrics, or graph clustering, so
the options we present to the user for selection are
adapted to plain-English descriptions instead. The
cluster count selection is intuitive, so it will remain
unmodified.

4.3 UI Design

The Ul is implemented with Bokeh on a data back-
end of MySQL. Bokeh was selected to allow for inte-
gration with other Python libraries such as Pandas
or NetworkX. MySQL was chosen as the backend
as it would be appropriate for a larger scale imple-
mentation of a hosted application. In our prototype,
we opted to run the user interface and the MySQL
server locally, employing Docker containers for a
consistent development environment amongst team
members.

The interface starts with a network graph of top-
ics. Once a user clicks on a topic node, this displays
a table with the papers associated with that topic.
From there, a user can decide to explore their topic
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Figure 2: Team DnD COVID-19 topic mod-
elling user interface.

of interest further with bar charts, which can be
filtered based on topic choice. One bar chart dis-
plays the top ten words and their probability of
association with that topic. Another chart displays
the top 5 papers associated with the selected topic,
with each paper’s most highly related topics and
probability of association. This feature helps the
user see connections between topics, papers, and
other topics more clearly rather than being over-
whelmed by the entire network. All graphics have
hover tools that display related information and
metrics about the feature of interest.

5 EXPERIMENTS &
EVALUATION

This application was aimed at answering two main
questions through the various coding scripts and
the design of an interactive Bokeh tool. At a high
level, some of these questions included:

1. Comparison of the results from BERT vs LDA
techniques (see Appendix for one example).

2. Sensitivity to varying numbers of clusters as
evaluated by the Girvan-Newman algorithm.

Initially, we tested the NLP pre-processing on a
sample dataset of approximately 5,000 papers lo-
cally using regular Python and NLTK. However,
this was not effective for the full set of 400,000 doc-
uments. To handle the full-scale data, we needed to
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utilize a distributed solution involving AWS EMR
and Apache Spark. After converting the NLTK
code to work in Spark, we were able to process
the full dataset on an EMR cluster consisting of
five mb.zxlarge nodes in approximately 1 hour and
40 minutes. During this processing, we eliminated
approximately 100,000 documents of the original
400,000 due to bad data, duplication, or other errors.
Experiments for this step were completed in a few
iterations, progressively adding different project-
specific stopwords and comparing resulting tokens
of stemming vs lemmatization. Upon completion,
we successfully produced the tokenized output for ~
300,000 candidate papers to be passed to BERTopic
and LDA.

BERTopic and LDA underwent a similar scaling
solution, as a local implementation was not possi-
ble. Here, we utilized AWS EC2 instead of AWS
EMR since BERTopic and LDA libraries were not
implemented for distributed processing. We used
the largest EC2 instance type available in the stu-
dent accounts, md.2zlarge, and attempted to run
BERTopic on the full dataset. After 30 hours, the
execution was still incomplete. From the CPU and
memory usage metrics observed in the AWS EC2
console, however, we did not seem to be bound by
resource constraints. We were able to successfully
execute using approximately 100,000 papers, there-
fore we proceeded to use this collection in future
steps.

With LDA, we also ran into scaling difficulties
when trying to go beyond 100,000 papers. In this
case, we seemed to be limited by memory constraints
when utilizing PCA on the data prior to the LDA
modeling. To maintain parity with the BERTopic
output, we produced the LDA output for the same
100,000 papers to enable the user of our application
to explore and compare both algorithms’ results in
the user interface. With BERTopic, the run time
appears to increase exponentially with the number
of papers — ~ 5,000 documents taking a few min-
utes, ~ 100,000 taking a few hours, and ~ 300,000
documents running for over 27 hours without fin-
ishing.

Using the set of 100,000 papers, we were able to
effectively experiment with the number of topics
produced by LDA and see which was most effective.
The BERTopic output was generating around 800

topics, so we tried some similar values and others
for greater exploration. Unfortunately, we learned
we needed to use the gensim package’s implementa-
tion of LDA rather than scikit-learn’s to obtain the
coherence measure. Due to the time remaining com-
bined with the additional runtime this calculation
would add, we were unable to reimplement our ap-
proach using the gensim package (rough estimates
from online forums stated gensim can take 9 times
as long to run).

With BERTopic, some of this metric exploration
is abstracted and handled for us. It utilizes a similar
metric to coherence called class-based ¢cTF-IDF,
which extracts the most important words per cluster,
to help select the number of topics identified. It also
automatically reduces topics by merging those over
a certain similarity threshold.

With a visual check of the created topics of BERTopic

and the LDA model, we found that BERTopic had
much clearer and more specific topics than the LDA
model. This remained true even as we increased
the number of topics in the LDA model. A visual
inspection of the BERTopics output showed broad
categorization into computation, education, vacci-
nations, many groups related to specific countries,
and documents related to other types of coronavirus
including those found in animals. This precise clus-
tering led to some topic groups being as small as 10
documents, while those related to education were in
the thousands. In general, visual inspection shows
BERTopic doing very well. The table below shows
examples of the topic-words both models have for
their topic-groups.

After topic extraction, each document had a prob-
ability of association with each topic. Topic extrac-
tion determines the most disjoint set of keywords or
phrases from the total document corpus and assigns
topics to individual documents accordingly. In many
cases, documents were strongly associated with one
particular topic with much smaller probabilities for
all others. Many documents, however, do not fall
cleanly into only one topic. In our sample corpus of
5,253 journal articles, only 56% (n=2,949) of the
documents could be definitively assigned a topic.
The remaining 44% of the documents were indeter-
minate, with multiple feasible topic probabilities.
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Table 1: Comparison of BERTopic and LDA topics extracted.

Topic # LDA BERT
1 health, covid, disease, research, study teacher, learning, teach, teaching
2 student, online, learn, medical, covid mrna, replication, genome, ribosome
3 immune, ifn, virus, covid graph, algorithm, neural, semantic
4 group, laparoscopic,surgery, study vaccination, vaccinate, immunization, antigen

The goal of our secondary topic clustering was
to find the associations between topics by explor-
ing their co-expression within subsets of documents.
Similarly, a large number of those indeterminate
documents could be cross associated by identify-
ing correlations in their topic probability profiles.
We found that only a small portion of the ~ 5k
documents sampled (less than 4%) could not be
associated with a topic cluster at all (i.e., outliers).
Conversely, we found that although some 80 dis-
joint topics had been extracted, those topics were
strongly organized into only six discernable commu-
nities with no network isolates.

Unfortunately, we found that community detec-
tion algorithms were not computationally feasible
for the much larger and highly-connected graph of
documents even with the limited test sample. This
may be an inherent limitation of the NetworkX
implementation rather than of the method itself,
however. Traditional clustering using the comple-
ment of the graph’s adjacency matrix proved very
feasible, identifying ~ 26 sub-communities of doc-
uments within the 5k test sample. The solution
was found too late in the process to reasonably
incorporate into the final project.

The user interface (UI) was presented to four
participants not involved with the project’s devel-
opment. Backgrounds of these participants were
varied, including a physics professor, biology profes-
sor, nurse with research background, and historian.
These users were asked to explore the Ul and pro-
vide feedback around the following questions:

1. How intuitive is the interface to use?

2. How does the ability to search for papers with
this interface compare to traditional searches?
What are perceived benefits and drawbacks?

3. Is it helpful to use the different topic modeling
versions (BERT vs LDA interfaces)?

4. Suggestions for additional features.

All participants stated that the interface’s fea-
tures appeared intuitive, though on further use not
all features worked quite as expected and the avail-
ability of some tools were unclear (e.g, sorting the
table by column, or the highlighting tool to zoom
in on charts). Two participants suggested including
descriptors of what tools were available to explore
various plots.

Participants thought the topic modeling was in-
teresting, but three stated the network graph would
not necessarily make it easier to find papers that
met their desired search criteria. The fourth user
felt the hover tool with words associated to topics
made it quick and easy to scan for topic clusters
of interest. One user stated, “the network graph is
useful if your goal is general exploration, but most
researchers are looking for very specific topics and
the network does not allow for easy identification
of papers aligned to a search.”

Users generally agreed the ability to perform a
keyword search and have the interface return topics
only aligned with those keywords would greatly
improve the interface. The LDA component was
generally viewed as not useful due to topic clusters
being too broad, but that, on the BERT model, once
a topic of interest was located, the ability to quickly
scan related topics for relevance was perceived as
an improvement over traditional search results.

6 DISCUSSION

Overall, we faced the most challenges in getting our
topic modeling approaches to effectively scale up
to the full data sets. Due to the time spent here,
we were unable to do much parameter tuning and
exploration with different settings of BERTopic or
LDA. In future work, exploring these parameters
in greater depth and with more scalable algorithms
could yield better results. Another area for improve-
ment is trying to better distribute other portions of
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the logic. For example, with the LDA code, there are
implementations of PCA, Gaussian mixture models,
and LDA natively in PySpark. This may allow for
scaling of our solution to the full set of 300,000
preprocessed papers.

Applying a secondary clustering following topic
extraction to detect communities within the topic
graph appears to have been successful but did not
adequately scale for the larger graph of documents.
The results, however, are promising for the gen-
eral approach. Further work might leverage more
computationally efficient methods for community
detection or alternative clustering methods. It’s
clear from the overall outcomes of this exploratory
work that it is at least theoretically feasible to ad-
dress topic modelling and document search through
connected communities and evaluating document
co-expression networks.

Finally, the design of the user interface as a tool
to navigate topic modeling has some distinct ad-
vantages over traditional search engines for aca-
demic papers, while still having areas where it can
be improved for ease of use. The visualization of
connected topics helps the user see relationships
between topics as intended. The ability to have the
most relevant terms populate for each topic cluster
allows the user to quickly assess a cluster’s relevance
to their search. Further development of a user in-
terface should focus on deeper inquiries into a topic
cluster’s features as well as the ability to search by
keyword for desired content.
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Shown below (Figure 3) is an example of the progres-
sion of an abstract through the DnD text processing
procedure. These same results can be seen in the
various outputs along each step (see Readme in
folder download). An example with a short abstract
was selected here. One interesting conclusion that
might be drawn from this data is that BERT ap-
pears to provide much more specific topics than
that of LDA. The LDA and BERT scales differ in
their respective packages, but in both cases a higher
value indicates a stronger word association.
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COVID-19 Research Knowledge Representation

Figure 3: Example output for Document ID e1xm39x8, showing unprocessed paper abstract,
lemmatized text, and topics extracted by LDA and BERTopic.

Paper ID: e1xm39x8§

Title: The Strategy of Picornavirus Evading Host Antiviral Responses: Non-structural Proteins Suppress
the Production of IFNs

Authors: Wang, Yining; Ma, Lina; Stipkovits, Laszlo; Szathmary, Susan; Li, Xuerui; Liu, Yongsheng

L

/ Raw Unprocessed Text \
Viral infections trigger the innate immune system to produce interferons (IFNs), which play important role in host
antiviral responses. Co-evolution of viruses with their hosts has favored development of various strategies to evade
the effects of IFNs, enabling viruses to survive inside host cells. One such strategy involves inhibition of IFN
signaling pathways by non-structural proteins. In this review, we provide a brief overview of host signaling pathways

inducing IFN production and their suppression by picornavirus non-structural proteins. Using this strategy,
Qicomaviruses can evade the host immune response and replicate inside host cells. /

L

/ Pre-processed Text (Tokenized, LLemmatized. etc.
['viral', 'infection', 'trigger’, "innate’, 'immune’, 'system', "produce’, 'interferon’, 'ifns', 'play’, important’, 'role', 'host',
'antiviral', 'response', 'co', 'evolution', 'virus', 'host', 'favor', 'development’, 'various', 'strategy’, 'evade’, 'effect’, 'itns',
'enable', 'virus', ‘survive’, ‘inside’, ‘host’, ‘cell’, ‘one’, ‘strategy’, ‘involve’, ‘inhibition’, ‘ifn’, ‘signal’, ‘pathway’,
‘non’, ‘structural’, ‘protein’, ‘review’, ‘provide’, ‘brief’, ‘overview’, ‘host’, ‘signaling’, ‘pathway’, ‘induce’, ‘ifn’,

~

‘production’, ‘suppression’, ‘picornavirus’, ‘non’, ‘structural’, ‘protein’, ‘use’, ‘strategy’, ‘picornaviruses’ ‘evade’,

‘host’, ‘immune’, ‘response’, ‘replicate’, ‘inside’, ‘host’, ‘cell’]

/

U

LDA Output
Topic 18
Top 10 Word Associations
("virus', 76.53662)
('response’, 75.55084)
('infection', 25.18072)
('hev', 24.66671)
(‘cell', 15.89236)
('mouse', 12.39168)
('ifns', 9.92372)
('produce’, 7.54982)
(‘treatment', 6.87384)
('type’, 6.32834)

/

N

\

/

N

BERT Output
Topic 69
Top 10 Word Associations
(‘emv', 0.15534)
('immunocompetent’, 0.03387)
('sepsis', 0.02854)
('patient’, 0.02569)
(‘cytomegalovirus', 0.01759)
('immunocompromised’, 0.01513)

\

('lymphopenia', 0.01382)

("haplotype', 0.01379)
("infection', 0.01371)

('fda’, 0.01419)
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