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Abstract—Research clues can be expressed as coherent chains 
of keywords grouped by theme. Capturing clues to research from 
the vast and expanding medical literature is valuable. Yet, it is 
difficult to automatically create clear visualizations of research 
clues despite the presence of many competing summarization 
tools. In this paper, we propose a linear classifier based on a 
spiral, which we call a regional classifier. The study emphasizes 
the development of visualization methods and the process of 
finding a specific research clue to track patient needs reported in 
medical literature. When timelines are combined with a spiral 
geographical map, they show a geometric shape that helps to 
reveal the clues from different spatial viewpoints and periodical 
constraints. Our evaluation showed that the regional classifier 
produces better visual effects than support vector machine 
classifiers. It covers important concepts of each theme and is able 
to represent the relationships among papers in a way that 
captures continuous developments and changes in key themes. 

Keywords—regional classifier, information, summarization, 
literature data 

I. INTRODUCTION 

There has been increasing interest in utilizing patient 
participation to incorporate their needs into a patient-centered 
care delivery model. Benefits of empowering patients include 
enriched, contextualized research and a better understanding of 
patient needs [1]. However, the medical profession finds itself 
overwhelmed by increasing numbers of publications; relevant 
data is often buried in an avalanche of papers, and locating the 
useful or reliable information on needs-related topics is 
difficult. Creating visualizations of a research clue that provide 
sufficient information to describe a past and current problem 
can benefit researchers by allowing one to gain quick insights 

under a big-picture vision into the evolving literature. 

Several tools already exist for visualizing the progress of 
research [2-3]. However, few are detailed enough for medical 
researchers. Some systems’ levels of granularity are too coarse; 
for example, they have outputs where each node only 
corresponds to a cluster of disciplines [4] (e.g., ‘Biology-
Zoology-Ecology’) or journal names [5]. We believe that a 
finer level of granularity is needed, because taking disciplines 
as units only can describe the key areas these papers had 
focused on, while taking a paper as a unit can consider each 
articles’ content related to a research area. Therefore, we use 
individual articles as our units of analysis. Although some 
methods work at the “paper” level of granularity [6-7], they 
cannot represent a coherent line of research. Using a storyline 
can help scientists acquire knowledge of the ideas in a field, 
and some algorithms have created storylines for literature [8-
9]. However, their summary outputs often display confusing, 
intertwining narratives because research is generally very 
nonlinear. 

When timelines are combined with a geographical map, 
they depict temporal patterns of events with respect to their 
spatial attributes. Such approaches can explore and visualize 
the historical development and growth of a specific research 
problem in scientific literature. However, existing timelines 
were mostly constructed as straight lines. A straight (horizontal 
or vertical) timeline has limitations in representing a large 
number of events over a long period of time, as well as 
relationships or patterns of events. 

In this paper, we adapted the work of Hewagamage et al. 
[10] to construct a spiral timeline that covers a given set of 
literature data, consisting of all or parts of the scientific papers. 
Our goal is to establish the feasibility of the spiral-timeline 
visualization methodology to identify research content useful 
for literature synthesis in a clinical domain. 
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Development Program of China, and Shanghai Municipal Science and 
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II. METHODS 

A. Representing a Research Clue Using Spiral Timelines 

The research clue of a particular area (e.g., patient needs) 
can be described by one or more (non-/or predefined) themes 
(e.g., treatment or healthcare cost). The evolution of each 
theme can be tracked by connecting its research paths (i.e., 
relationships and patterns among publications) built over time 
via a timeline. Themed keywords (i.e., a small set of words 
attributable to a specific theme) of a body of literature can be 
used as parameters to represent research paths.  

We define research clues as follows. 

• Definition 1 (Research Clue). A research clue is a pair 
( )Π,G , where ( )EVG ,=  is a directed graph and Π is a 
set of paths (i.e., research paths) to be built along the 
timeline in G . 

The core issue in establishing a research clue is assigning 
keywords of various correlated themes to a spiral timeline. To 
simplify the solution, we temporarily ignore the connectivity of 
research paths. 

B. Partitioning a Planar Spiral Segment in an Idealized 
State, and its Relaxation 

In this study, we use two-dimensional logarithmic spirals as 
spiral timelines. A logarithmic spiral can be described as 

θbea ⋅=r  using polar coordinates ( )θ,r , with a and b being 
arbitrary positive real constants, where the radius r is a 
monotonic continuous function of  the angle θ. We define an 
idealized spiral classifier as follows. 

• Definition 2 (Spiral Classifier). An idealized spiral 
classifier is a classifier that partitions separable data 
into a spiral timeline, in which all angles representing 
the same time unit are equivalent. 

As shown in Fig. 1(a) ( θ2.06.0r e⋅=  ), we arbitrarily set a 
starting point near the center black point on the spiral, then plot 
other nine red points, one every 75 degrees.  

 

 

 

 

 

 

 

Fig. 1. Examples of a logarithmic spiral’s segments as well as its integration 
with the real Paris municipal map. 

In this case, the 10 red points shown in Fig. 1(a) may act as 
class labels that can be used to classify themed keywords 
extracted from the papers. A visual representation of a timeline 
plays two roles: for uncorrelated themes, timelines regulate a 
chronological order; for correlated themes, they can provide a 

time reference to help establish a link between themed 
keywords. There exist two extreme cases. First, all keywords 
for a specific year can be densely packed together on the 
corresponding red dot. On the other hand, keywords can be too 
sparse to draw contour lines around each red dot. While 
existing classification algorithms may be applied to nonlinearly 
separable data, the resulting pattern may not be a visualizable 
spiral timeline. Each constraint of the original problem must, 
therefore, be relaxed. 

We considered extending the dimension to solve the 
relaxation problem: each one-dimensional red point can be 
relaxed into a two-dimensional plane. That is to say, we 
augmented the timeline with a real or abstract geography that 
happens to be spiral. Different locations on a geographical map 
may also represent a relation or other context among time 
periods. As shown in Fig. 1(b), we removed the first three and 
the last red points to fit the real Paris municipal map. Hence, 
we give the definition of a regional classifier (i.e., our 
relaxation solution) below. 

• Definition 3 (Regional Classifier). A regional classifier 
is a classifier which assigns themed keywords in the 
same time period to their corresponding regions in a 
spiral geographical map. 

The connectivity of research paths that we ignored before is 
used to connect correlated themed keyword groups in 
chronological order. Thus, the timeline can convey the 
underlying structure of the story and explain how different 
aspects of the story interact with each other. 

C. Developing a Regional Classifier 

This consists of the following steps, including assigning 
themed keywords to their corresponding regions. 

1) Identify the positions on the map 

Our goal is to measure the size of each region to make sure 
the keywords we place do not overlap. We use the direct grid 
method to segment a particular region, which is an inexpensive 
way to determine the range of coordinates for each region or 
even a whole map. We can know in advance how many 
keywords we can place in the particular area by calculating the 
number of “fixed” grid squares. We therefore can build a label 
matrix for each region: 
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2) Generate themed keywords using a dynamic LDA 

We use a dynamic latent Dirichlet allocation (LDA) model 
[11] as a terminology extraction tool, which was used in two 
literature datasets (see Experimental Standards) to generate a 
collection of keywords for each theme. We use a dynamic 
LDA because we want to know how topics evolve over time.  

After getting these keywords, we could further refine the 
themes (topics) that are automatically produced by dynamic 
LDA by accessing terminological coverage of a list of domain-
specific keywords. 

3) Construct a connected directed graph 

This task involves how to place both points and lines. There 
are two options here. One is to divide the keywords into 
regions corresponding to different years, and then to connect 
the themed keywords according to their time of appearance to 
form a research path. The other is to pre-set the connectivity of 
research paths, and then to place each keyword into a specific 
square based on its related research path. 

The loop statement pseudocode is as follows; subsections a 
and b can be done in either order.  

 

III. CLASSIFIER PERFORMANCE EVALUATION 

Evaluating the results from our classifier poses some 
significant challenges. A map of the findings is more than just 
a set of lines; there is information in its structure as well. Since 
the spiral research clues are unique, we cannot conduct a 
baseline study, but chose to use human annotators’ judgments 
to assess the effectiveness of our classifier. 

A. Evaluation Datasets and Selected Research Paths 

The regional classifier can be used to process any part of a 
scientific paper, including titles, abstracts, backgrounds, 
methods, results, conclusions, or the whole article. To simplify 
evaluation, we assumed each scientific paper has a self-
explanatory title that conveys major themes of the reported 
study. 

We created two datasets, a base dataset and its comparison 
dataset, by conducting a semi-structured search of the Medline 
database using grouped search terms designed for maximal 
retrieval of relevant studies. The two searches were limited to 
papers published in English from 2001 to 2016. 

The base dataset was designed to visualize different 
evolutionary paths of “patient needs.” The first literature search 
used a series of recognized MeSH terms, such as “patient 
needs,” “patient preference,” “patient satisfaction,” and 
“patient escort service.” The automated search strategy 
identified a total of 339 papers from Medline. We collected 
their titles in the base literature dataset. 

The comparison dataset was designed to test our approach 
at the level of a single author, whose research interests lie in 
patient care. Our goal is to visualize a researcher’s publication 
history and trends, and then compare the themed keywords 
found in his publications to those found in base dataset over 
time.  In this experiment, we chose a world-renowned patient 
safety researcher, David W. Bates. A total of 401 papers 
related to both his name and the search term “patient” were 
found from Medline. 

Keywords are crucial for our results. Each keyword may be 
repeated in different papers. In order to track the keywords 
related to a specific theme, we only considered their first 
appearance. Research paths were used to connect different 
keywords in a theme both within and outside of a region of a 
map. In order to achieve a clear, well-organized map, we pre-
set these research paths in a vertical and horizontal layout 
according to the regional grid. When assigning each keyword 
to a specific region, its related theme was considered. 

B. Annotation Studies 

Each map was manually reviewed by at least two 
annotators. In total there were three annotators, all of whom 
were volunteers. They were all second-language speakers of 
English and master’s degree candidates with a background in 
computer science. They did not confer with each other or with 
the authors. In order to facilitate examination of the inter-rater 
reliability, we asked annotators to evaluate the results using a 
list of guidelines that consider both the correctness and the 
generalizablity of the classifier as follows [12]: 

1) A good research clue should contain as many research 
paths as possible. 

2) Each research path chould contain only one theme. 

3) The information in one research path should come from 
as many different articles as possible. 

4) Partial overlap is not allowed, as a keyword cannot 
belong to two research paths. 

5) Generalization is allowed, as keywords (and their 
tenses or parts of speech) may describe the same person, fact, 
or event. 

IV. EXAMPLE MAPS 

Fig. 2 shows the map computed for the query “patient 
need” in the base literature dataset. The maps depict five 
themes (see the map legend), showing only keywords related to 
a specific theme in the year they first appeared. The cross-
regional connections between keywords in other years are 
depicted as dashed paths. 

a) For each year { }20162001∈y : 

For each theme { }yKk 1∈ : 

For each themed keyword  { }kyWw 1∈ : 

i. Put w  into a specific fixed grid square 
based on its related research path; 

ii.  Mark the square as used. 

b) Set the connectivity of research paths according to 
theme along a timeline. 
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Fig. 2. A whole map of tracking publication about patient needs in 339 
Medline papers from 2001 to 2016. 

Fig. 3 shows the map visualizing an author’s 401 papers 
included in the comparison dataset. The annotators helped us 
compare themed keywords between Fig. 2 and Fig. 3. That is 
to say, if similar themed keywords found on the base dataset 
were also identified on the comparison dataset, in Fig. 3 we 
indicated which year a keyword appeared on the base dataset. 

V. RESULTS AND DISCUSSION 

A. Gneral Feedback 

We collected five comments from each of the three 
annotators. Of these, there are eleven positive comments 
(73.3%) that praise the practicality and specificity of the 
classifier.
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Fig. 3. A whole map of tracking an author’s publication history as a 
comparison in 401 Medline papers from 2001 to 2016. Note that the 
years that appear inside the parentheses are the first years the keywords 
or associated keywords appear in Fig. 2. 

• Practicality “the longer spiral timeline helps display 
more detailed information” / “the combination of the 
timeline and geographical map allows in a more 

intuitive way to display multiple dimensions of 
information.” 

• Specificity “the denseness of keywords shown in the 
timeline represents the authors’ research interests” / “its 
change in this field over time.” 

Some of negative comments include: “… why only 
consider first appearance” / “it is hard to get an idea from paper 
title alone…” / and “for a beginner, five themes are too little.” 
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B. Interprentation of the Maps 

Our annotators reviewed all articles’ titles in the datasets 
and found that our regional classifiers cover important 
concepts of each research theme and they are able to represent 
the relationships among articles in order to capture continuous 
developments and changes in key themes. The maps 
containing five entire paths revealed research evidence for 
patient needs. The annotators are able to track and explain 
these themes and their evolution over time using the maps. 

The theme of “healthcare policies and activities” (red line) 
centered around issues regarding organization of care, care 
delivery systems, and important national health initiatives and 
strategies.  It has been transitioning from care attitude and 
speed (2001), to mortality and second opinion (2003), patient-
centered care (2007), elderly care (2010), community care 
(2011), high-need and reminders (2014), and serious illness 
care and patient participation (2016). 

The theme of “patients’ health concerns and management” 
(blue line) evolved from mental health issues (e.g., 2001’s 
mood disorder, 2004’s anxiety and depression, and 2011’s 
self-harm) to the following areas: diet (2005), sleep disorders 
(2008), alternative medicine (2008), mealtimes and self-harm 
(2011), nutrition and activity (2013), preferences (2014), and 
eating, physical health and complaint (2016). 

The theme of “treatment” (yellow line) centered around 
issues including information provided by clinicians about a 
disease and possible treatments. Our results showed patients’ 
growing demand for knowing advanced therapies for a disease. 
Of our keywords, over 70% were related to different types of 
therapies, such as monotherapies (2005), radiotherapy (2008), 
chemotherapy (2011), immunotherapies (2014), and 
sclerotherapy (2015).  

The theme of “family and social support” (purple line) to 
patients previously mainly involved a small circle of intimate 
relationships (e.g., children (2001), marriage (2002),  
parenthood (2003), and family/friends (2005)), but recently it  
involved community (2011) and social networks (2015).  

Compared to other themes, the “healthcare cost” theme 
(green line) contains fewer keywords in the selected dataset. It 
included issues regarding cost-benefit (2001), value and cost 
of well-being (2003), reimbursement of new therapies by 
insurance (2012), and high-need, high-cost patients (2013). 
The spiral map shows that financial pressure does not only 
affect the patient, but also organizations and health policies. 

C. Generalizability 

We used two different literature datasets to demonstrate 
our approach, through which we are able to compare an 
individual author’s research interests to general themes in the 
field. Our annotators found that more than two-thirds (69.0%) 
of Fig. 2’s keywords can be found in Fig. 3. Some keywords 
occurred earlier in the researcher’s papers than in the general 
field of research (e.g., errors, safety, integrated, monitoring, 
reminders, racial, service timing, and community-wide 
collaborative). Also, annotators found that a higher percentage 
of Fig. 3’s keywords (47.1%) are related to the theme of 

“organization of care” than Fig. 2’s (24.3%). The findings 
show that our classifier is generalizable that can classify and 
visualize datasets with different purposes and scopes. 

VI. CONCLUSION 

In this study, we devised a linear classification method for 
capturing research clues in medical literature. Our classifier 
partitions keywords pretreated by semantic analysis tools into 
a spiral map such that keywords that appear in the same time 
period appear in the same region. This geometric shape on the 
map represents the relationships between papers in a way that 
captures developments in specific themes. The combination of 
the timeline and geographical map allows us to visually 
aggregate research results and methods over time. It will assist 
investigators in filtering relevant research ideas and has the 
potential to help users acquire knowledge efficiently.  
Although we only applied our methods to the patient needs 
domain, we believe our methods are generalizable and can be 
used in other fields in healthcare. 
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