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This Report presents my attempt to create an exploratory search system CovEx for a collection of academic papers related to COVID-19.
CovEx uses concept extraction, knowledge graphs, and user-controlled recommendation to assist users with various levels of domain
expertise in their information needs.

1 INTRODUCTION

Exploratory search systems form an increasingly popular category of information access and exploration tools. These
systems creatively combined search, browsing, and information analysis steps shifting user efforts from recall (formu-
lating a query) to recognition (i.e.,selecting a link) and helping them to gradually learn more about the explored domain
[22]. In this paper we presenting our attempt to augment the set of search systems focused on COVID-19 research
literature [24] with a personalized exploratory search system COVID Explorer (CovEx 1). We hope that CovEx ability
to support information discovery, learning-while-searching, and personalization, the system could help a broader set of
users to benefit from the assembled collection of COVID-19 resources [21].

We start the paper with the presentation of CovEx interface and follow with the details on concept extraction,
knowledge graph organization, and recommendation that enable the work of this interface.

2 RELATEDWORK

The CovEx system presented in this paper combines the ideas of exploratory search with an important stream of research
on personalization, user control, and transparency, It attempts to help researchers discover their interest profiles [9],
which, in turn, are used to find relevant publications with matching concepts.

2.1 Exploratory Search

A number of real-life search tasks require a considerable amount of learning during the search process to achieve
adequate results. These tasks are known as exploratory search tasks [15]. Since simple search systems are usually not
efficient in supporting exploratory search, a range of advanced exploratory systems have been developed and evaluated
[12, 23]. More recently, few projects in this area demonstrated that the effectiveness of exploratory search could be
improved by using a personalized system, which builds a profile of user interests and adapts to the individual user
[4, 10]. The work presented in this paper investigates the ideas of profile-based exploratory search in the context of
finding research publications related to Covid-19 pandemic.

2.2 Controllability

User controllability has been recognized as a valuable component of advanced information access interfaces. This
research was made popular by a stream of work on user controllable recommender systems [13, 16]. However the value
of extended user control has been also demonstrated in the area of exploratory search. For example, NameSieve [1]
presented a summary of search results in the form of entity clouds, which a controllable filtering and exploration of
results. PeopleExplorer [11] offered users an option to re-sort people search results based on multiple user-related
1http://scythian.exp.sis.pitt.edu/covex/
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Fig. 1. Interface Design of Covex representing different parts of the system.

factors. uRank [7] introduced a controllable interface for refining and reorganizing search results. An extension of this
work [6] integrated a controllable social search into an exploratory search system.

2.3 Open User Profile

The idea to apply open user profiles (also known as open user models) to better support personalized information access
was among the early ideas explored in this field. Open user profiles allow users to examine and possibly change the
content of their interest profiles, which are used to personalize their search or browsing process. Since the open user
profiles increase interactivity, transparency, and controllability of the information exploration process, their application
was a good match to the nature of exploratory search. While first attempts to introduce “bag-of-words" open user
profiles had mixed success [2], more recent work focused on semantic level user profiles demonstrated its potential for
personalized exploratory search [4, 18, 19].

3 THE INTERFACE OF COVEX

Personalized information exploration in CovEx is centered around user interest profile[17] - a collection of keyphrases
(keywords) that express user search interests. Unlike traditional search that requires users to specify all keyphrases in a
query, CovEx supports users in the process of gradual discovery and refinement of their interests. It also allows the
users to control the importance of each keyphrase in recommending relevant results. CovEx interface consists of the
following main sections.

Instant Search Box. The search box (Figure 1A) is the gateway to the system. Using an instant search approach, it
allows users to discover relevant topics without a fully formulated query. When a user starts typing a query, a series of
frequent similar keywords appears, which helps the user to discover a range of matching topics (e.g., cell culture and
infected cells). When an item is selected from the list, it will automatically added to the slider area (Figure 1B). at the
same time, an updated list of search results will be presented to the user.

Similar Keywords. When at least one keyword is added to the user’s profile, a series of five semantically similar topics
appear in the Similar Keywords area of the interface (Figure 1B). Users can add recommended keywords to their interest
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profiles by clicking on the plus button to the right of each keyword. As the user’s profile grows and refines, the set of
recommended keywords is updated since the system recommends instances similar to all keywords in the user’s profile.
Each recommended keyword also provides users with a short description of the topic. Clicking on the question mark
button next to the add button, opens up a separate window containing the abstract of that keyword’s Wikipedia entry.
This information is crucial when the user is not familiar with the recommended keyword and needs more knowledge to
decide whether the keyword must be added to the interest profile.

Slider Area. The slider area (Figure 1C) displays the current interest profile of the user. CovEx implements a content-
based recommendation approach, which generates the list of recommended results (Figure 1D) using the interest profile.
To support transparency and controllability of this process, the interest profile is visible and directly editable by the
end users. To build the profile the user can add relevant topics as explained above as well as remove less relevant
keywords (using the red x) as they discover more relevant topics or explore different interests. Sliders associated with
each keyword enable users to control the relative importance of a topic compared to others in their profile, ranging
from 1 (least important) to 10 (most important). The use of sliders for fine-tuning of user profile was motivated by
keyword tuning approach in uRank design [8], which was confirmed as a user-friendly and efficient in an exploratory
search context. The initial value of the sliders is set to five but can be changed at any time. All actions within the profile
(adding, removing, or adjusting sliders) immediately affects the search results list.

Search Results. As soon as the user adds the first keyword to the interest profile, a table of the 20 most relevant
publications is generated (Figure 1:D). The first column of the table visualizes the combined relevance between
keyphrases in the user interest profile and each result. The colors in the stacked-bar (Figure 1:D1) are matched with the
color of slider in the profile and the size and opacity of each bar expresses the relevance of the result to each profile
keyphrase.The second column of table lists the titles of relevant publications. Clicking on each title expands a window
that holds the abstract of the paper. The mentioned keyphrases are highlighted with corresponding colors. The opacity
of the colors reflect the relevance of a keyphrase to the paper and the current value of slider for that keyphrase. To
further assist the users, CovEx underlines all available keyphrases in the text (both in title and abstract). Hovering over
the underlined portion of the text opens a popup window (Figure 1:D2) that enable user to (1) see the relevance of the
keyphrase to the text in a form of a vertical bar-chart, (2) add the keyphrase directly to the interest profile, and (3)
report the improper keyphrases to the administrator for removal. The latter helps us to improve the quality of extracted
keywords and eliminate the occasional errors in the process of extraction. Finally, last three columns provide a link to
the content of the paper, source and year of publication.

4 THE KNOWLEDGE GRAPH

The knowledge graph consists of three main entities - publications, authors, keyphrases and their relationships -
extracted from our data set and hosted in a native graph database Neo4j2. Figure 2 presents the schematic representation
of the knowledge graph. Authors are interconnected by the relation Co-Author (based on co-authorship) and connected
to papers by the relation Published.Papers connected to keyphrases usign the Has-Key relationship. The latter carries a
weight that determines the strength of the relationship between each keyphrase and the publication.

2https://en.wikipedia.org/wiki/Neo4j
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Fig. 2. Graph Schema representing the entities of the knowledge graph and the relationship between them

4.1 Data Source and Graph Statistics

We used COVID-19 Open Research Dataset Challenge (CORD-19)3 as the main source of data to build the knowledge
graph and extract the keyphrases. The dataset contains 51078 document, out of which 48251 documents contain either
title or abstract.

Using this dataset and the concept extraction explained below, we generated the knowledge graph covering 48251
publications related to COVID-19 research that have been authored by 157589 researchers. 211862 keyphrases were
extracted from titles and abstracts of these publications. Table 1 shows the basic statistics of our knowledge graph.

Labels No. Nodes Avg. Properties Avg. Relations

[Keyword] 211862 3 11.02
[Paper] 48251 12 12.91
[Author] 157589 1 3.65

Table 1. Graph Statistics

4.2 Keyphrase Extraction and Weighting

We approach the keyphrase extraction problem as a sequence labeling task. We apply a Bi-LSTM-CRF architecture
to perform this task, which has been shown to achieve the best performance across several public datasets [3]. The
standard Bi-LSTM-CRF model consists of three main components, the Embedding layer, the Bi-LSTM layer and the CRF
layer. Our implementation of the model is based on the version presented in [14]4. We obtain the character embeddings
of 30 dimensions by training additional Bi-LSTM networks along with the main model. We use the Glove pre-trained
word embeddings of 100-dimensions5. A 300-dimension hidden layer of LSTM units is used for both the character-level
embedding model and the main model. The models are trained using mini-batch stochastic gradient descent with
momentum. The batch size, learning rate and decay ratio are set to 10, 0.015 and 0.05, respectively. We also apply
dropout to avoid over-fitting and gradient clipping of 5.0 to increase the model’s stability.

We train the model with the GENIA dataset6: includes 2000 titles and abstracts of scientific articles from Medline
database. GENIA is an fully annotated dataset, in which the annotated technical terms cover the identification of
physical biological entities (e.g., proteins, cell types) as well as other important terms. We randomly select 300 articles
for evaluating and our model achieves 82% of F1-score.

To assign weight for each keyphrase extracted from the the document we found the distance of the keyphrase from the
document in embedding space [5]. For training the embedding for concepts extracted from CORD documents we utilized
3https://www.kaggle.com/allen-institute-for-ai/CORD-19-research-challenge
4github.com/LiyuanLucasLiu/LM-LSTM-CRF
5https://nlp.stanford.edu/projects/glove/
6http://www.geniaproject.org/genia-corpus/term-corpus
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keyphrase embedding [20] and trained the embedding with context extracted from CORD dataset. EmbedRank [5] is
used to assign weight to each keyphrase based on the cosine similarity between keyphrase embedding and document
embedding.

5 PROFILE-BASED SEARCH

We deploy a two-phase search process to produce the most relevant results based on user interest profile. In the first
phase a primary list of candidate have been selected from the graph and the second phase assure that the results are
presented to the user in the right order based on their relevancy to the query. We describe these to phases in more
details in the following:

Candidate selection. We used the Cypher Querying Language to generate the initial list of candidate publications.
At each instance of user interaction with the system (e.g., adding/removing keywords or tuning the sliders), the
system considers all publications connected to at least one of the topics of interest in the user profile. If the number of
candidates are less that 20, the system uses similar keyphrases to populate the candidate list. The process of finding
similar keyphrases is explained below.

Reordering the results. After generating the list of candidate results, the system rearranges the results in a way that the
most relevant results appear at the top of the list.In order to do that, first a complete list of keyphrases that appear in
the text (title and abstract) of each publication, alongside with their relevancy score (weight) is being generated. Then
for every keyphrase that exist in the user interest profile, we multiplied it’s weight with the value of corresponding
slider. Finally, the relevance score is assigned to each candidate considering candidate’s similarity to each of profile
topics and the value of the sliders (Equation 1).

𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒𝑆𝑐𝑜𝑟𝑒 (𝑓 ,𝐴) =
|𝐴 |∑
𝑖=0

𝑆𝑖𝑚 (𝑎𝑖 ,𝑓 ) ∗𝑤𝑖 (1)

1. Calculation of relevance score for each candidate publication

In equation 1, A is a set of tuples {(𝑎1,𝑤1), (𝑎2,𝑤2), ...(𝑎𝑛,𝑤𝑛)} that represent the current state of the user’s profile
(topics and weights) and f is a given publication in the graph. 𝑎𝑖 and𝑤𝑖 correspond for 𝑖𝑡ℎ keyword and its slider value
at the moment. 𝑆𝑖𝑚 (𝑎𝑖 ,𝑓 ) shows the value of relevance between a given keyword and a candidate publication in our
knowledge graph that has been described in section 4.2

Keyphrase Recommendations. To generate recommended keywords for the current set of keywords in the interest profile,
the system generates two sets of candidate keywords using the co-occurrence of seed keyphrase with publications and
authors (using collaborative filtering. Then, the system combines the number of co-occurred keyphrases in both sets
and uses it as a ranking mechanism. The system presents the top five results to the user.

6 EXPERIENCE AND FUTUREWORK

CovEx system has been deployed online and also demonstrated to several target users. The early results indicate that the
success of the system to a considerable extent depends on the quality of keyphrase extraction. Moreover, the nature of
exploratory search calls for special extraction approaches. While we used a relatively powerful approach, it was trained
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to model gold standard annotation of individual documents in GENIA dataset. We believe, however, that keyphrase
extraction has to consider the collection as a whole increasing user chances to discover keyphrases that could lead to
other papers. We are interested to collaborate with experts on keyphrase extraction to develop approaches optimized
for exploratory search.
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