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Abstract

In this dissertation, I have developed scalable data visualization methods to depict
a scholar’s accomplishments at a glance. The evaluation of scholarly achievements
in academia is largely based on the researcher’s publication record. This record is
communicated in exhaustive detail in the researcher’s curriculum vitae (CV) or in
summary via her/his h-index. The h-index, although a convenient abstraction, does
not consider neither the time of the publication nor the impact factor (IF') of the
journal where it appeared. I present a novel method that visually complements the
h-index, revealing at a glance the nature of a researcher’s scholastic record. This
method (which includes the visualizations Scholar Plot and Academic Garden) is
particularly appropriate for web interfaces, as it produces information that is com-

pact and simple, yet highly illuminating.

Scholar Plot uses Google Scholar, Impact Factor, and NSF/NIH/NASA fund-
ing data to create a temporal representation of a researcher’s publication/funding
record that blends publication prestige with paper popularity and funding informa-
tion. Scholar Plot affords an insightful appraisal of academics at one’s fingertips.
Academic Garden applies to individual academics, departments, colleges, and any
other academic group thereof, such as a research lab or a project team. Academic
Garden uses the flower metaphor to visually articulate performance of academic en-
tities. The width of the flower’s stem is commensurate to the academic funding the
entity received (‘juice conduit’). The height of the flower’s stem is commensurate
to the impact of the entity’s intellectual products (‘visibility’). The diameter of the

flower’s disc is commensurate to the prestige of the venues where these products



appeared (‘fancy factor’). Scholar Plot and Academic Garden bring clarity, trans-

parency, and fairness in hiring, promotion, tenure, and funding decisions.

For the validation of the Academic Garden, I ran data analysis using Endowed
Chaired Faculty, a prestigious honor in the United States, for the top 10 universities
according to the US News Report 2015 [19]. The analysis demonstrated that chaired
faculty can be predicted using the 3 merit criteria of citations, impact factor, and

funding.
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Chapter 1

Introduction

A curriculum vitae (CV) provides a synopsis of an individual’s achievements. The
CV content varies by profession. Academic CVs feature prominently a publication
section. This section references the researcher’s journal papers and other scholarly

products.

Search, promotion, and award committees that screen CVs go through lists of
publications trying to form opinions about the candidates’ records. Does candidate
A or B have enough publications? Are they of high quality? Did they have any
impact on the research community? In a highly competitive context, these questions
do not always have clear answers. Another question that needs to be addressed is
whether the candidate has been funded. If so, has the candidate done justice to
the amount of funding obtained? This also enables one to decide if the candidate’s

output is in proportion with the input.



Chapter 2

Related Work

There has been work on the quantification of academic careers, focused on a quest for
a ‘number’ that sums up an academic’s scholarship. The most well-known outcome
of this line of research is the h-index, proposed by Hirsch [13]. A scholar has an index
of h if s/he has published h papers each of which has been cited in other papers at

least h times (Figure 2.1).

citations

more than
h citations

Citations =papers=h

first h papérs papers

Figure 2.1: h-index from a plot of decreasing citations for numbered papers.



The h-index depends on both the number of publications and the number of
citations. Hirsch demonstrated that h can predict honors, such as the National
Academy membership and the Nobel prize. He also suggested that it could predict
advancement to tenure, although with some uncertainty. Despite its value, the h-
index has weaknesses and when used, context should be carefully taken into account;

such context includes the academic field and the academic age of the candidate [2].

With the advent of Google Scholar [11], information about a researcher’s publi-
cation record and her/his h-index has become easily accessible. Then, with the ease

of access of the internet, this information has become ubiquitous.

In this dissertation, I introduce data visualization methods that complement
publication information contained in a standard CV and summarized by the h-index.
The tool produces a temporal visualization that connects the h-index with the paper

citations and the journal impact factors along with funding data.

There have been other efforts in visualizing patterns of scientific production and
impact [4, 5, 17]. Recently, a mobile app (DBIScholar) has also appeared that inter-
faces information from Google Scholar [23]. A social tool named Scholarometer has
been developed to facilitate citation analysis and to evaluate the impact of authors
[16]. This tool helps to visualize author and discipline networks. There is another
tool called SciVal Expert, which visualizes the collaboration and research output of
institutions [25]. This tool uses data from Elsevier’s Scopus, the largest abstract and
citation database of peer-reviewed literature [6]. However, these tools do not provide

a visual picture of a single scholar’s achievements.



The method and application differ from the prior art. At a glance, Scholar Plot

helps the reviewer determine where the researcher’s impact (if any) arises from.

Students need more information to decide about their college. Nowadays, a uni-
versity has a ranking as well as each department with each college in that university.
So students need publicly accessible information which is cheap and get a summary of
various measures being used to evaluate faculty. Rankings are used to make choices

to avoid risks of joining lower ranking colleges [18].

The goal of research is to articulate a clear, comprehensive, and measurable
performance evaluation scheme for academics. This scheme should reveal causal
relationships among the merit criteria. This research provides a summary interface
to facilitate executive decisions. The tool produces a temporal visualization that
connects the h-index with the paper citations, and the journal impact factors along
with funding data. Scholar Plot helps the reviewer determine at a glance where the

researcher’s impact (if any) arises from.

Here, I introduce a data visualization tool that complements the US News Rank-
ings and the publication information contained in a standard CV. Visualization fa-
cilitates access to data and supports actionable insights [26]. It also helps to bring

out patterns and pattern violations in the underlying data.



Chapter 3

Methods

In this methods chapter, I will explain various criteria for evaluating academic per-
formance, individual visualization (Scholar Plot), group visualization (Department

Plot), and Academic Garden which is a scalable visualization of academic merit.

3.1 Design Process

There are various criteria for evaluating academic performance. I focus on three

main criteria.

e Impact - it is the post-production merit. For example, the citations, in which
a publication receives. A publication with a higher number of citations has

higher visibility. Therefore, I linked the impact to the vertical axis in the plot.



e Prestige - this is the pre-production merit associated with the venue of publi-
cation. For example, the impact factor of a journal is the merit your publication
will acquire because it has been published in that journal. Hence, I associate
a disk with variable sizes to the prestige of the venue. I consider it as a ‘fancy

factor’.

e Funding - it enables the production of publications/research. Hence, I placed
it at the bottom of the plot. This can help to correlate the production with

the funding.

ScholarPlot uses publicly available publication and affiliation information on re-
searchers, scholars, and authors for the purpose of visualizing popular indicators of
publishing activity. No single set of indicators can capture all of the dimensions of a
publication’s scholarly value or an author’s contributions to knowledge. Depending
on a user’s objective, ScholarPlot may be best used in combination with other mea-
sures. The visualization consists of a hierarchy of visualization schemes right from

the individual to the department and the college.

3.2 Scholar Plot - Individual Visualization

Scholar Plot obtains the Impact Factor (/F) [10] for a particular journal from our
database. The data of Impact Factor is acquired from The Thomson Reuters Impact
Factor - Web of Science [22]. Based on all this information, it constructs the plots as

per the design outlined in the Visualization and User Interface section, using nvd3



sed -nE '/AwardID|AwardAmount |FirstName |LastName/s/.d( [“<]+)<.#/M\1/"' *.xml | paste -sd',' -

awk -v ORS="\t" -F '[<]"' "
al';ﬂmlardID|;ﬂmlard;ﬂun:'.lurl.t|F1rstl~.larr|e|LastNa-rma';lr { int $ }|
FNR = 1 && FILENME '= ARGV[1] {printf " n
END {printf " \n"}
' dk.xml > stersfkar‘lkyeongankwon!Drophoxfscholar-pro]ecthSF Funding/ .data

xml sel -t \
-v f/AwardID -0 , -v //AwardAmount %
-m '//Investigator[RoleCode = 1 -0 , =V FirstName -0 , -v LastName -b \
-m '//Investigator[RoleCode = L ' —p , =v FirstName —o , -v LastName -b \
-nl \

*.xml

xml sel -t \
=v f/AwardID =0 , =v //AwardAm
-m '//Investigator[RoleCod pal » =v FirstName -0 , -v LastName -b \
-m '//Investigator[RoleCod gator"]' -p , -v FirstName -0 , -v LastName -b \
-m '//Investigator[RoleCod I ] -0 , -V FirstMame —p , -v LastName -b \
-nl \

*.xml

Figure 3.1: A code snippet of XMLStarlet.

reusable charting library [21] and d3.js JavaScript library [3].

The NSF/NIH/NASA funding datasets are available at the respective US gov-
ernment websites in various file formats such as XML, CSV, and so on [8, 20]. I
implemented a script 3.1 to parse this massive XML dataset into our data structure
that consists of AwardID, AwardAmount, First name, Last name, Investigator by
RoleCode (Principal Investigator, Co-Principal Investigator and Former Principal
Investigator), using XMLStarlet [12]. I imported this data to our database using

Toad DBMS tool [24].

Scholar Plot depicts the publications of an individual as a scatter plot and the
NSF/NIH/NASA funding as a multiline plot. The publications are represented in a
2D diagram (number of citations vs. year of publication) with the A-index line. The

horizontal axis is time, starting with the year of the researcher’s first publication
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Figure 3.2: An example of a senior records of the log,o view and decimal view - the
radio button allows users to switch between different scale views without reloading
the entire page. The two different scales view to create a standardized scale for the
y-axis for comparison, log;q scale is the default plot and an option to toggle to the
decimal scale view.



Albert-Laszl6 Barabasi

Northeastern University, Harvard Medical School
network science, statistical physics, biological physics, physics, medicine
Verified email at neu.edu - Homepage

Title 1-20 Cited by Year

Emergence of scaling in random networks
AL Barabasi, R Albert 25635 1999
Science 286 (5439), 509-512

Statistical mechanics of complex networks
R Albert, AL Barabasi 16837 2002
Reviews of Modern Physics 74, 47-97

Albert-Laszl6 Barabasi - Curriculum vitae

Address:

Northeastern University

Department of Physics

110 Forsyth Street, 111 Dana Research Center
Boston, MA 02115

(617) 373-2355

Place and date of birth: Karcfalva, 30 March 1967
Citizenship: Hungarian, Romanian, US

Education:

+ 1986-1989, University of Bucharest, major in physics and engineering
« M.Sc., 1991, Edtvs Lorand University, Budapest, in physics; advisor T. Vicsek
+ Ph.D., 1994, Boston University, in physics; advisor H.E. Stanley

Employment and Teaching Experience:

« 1989-91, Research Institute for Technical Physics, Hungarian Academy of Sciences, Budapest, Research Assistant
» 1991-92, Boston University, Teaching Assistant

= 1992-94, Boston University, Research Assistant

= 1994-95, IBM, T.]. Watson Research Center, Physical Sciences Department, Postdoctoral Associate

Scholar Plot of Albert-Laszlo Barabasi

Number of citations [Log;, scale]

1 LR T O T T A T N T N S (NN (N SO A BN A B R B
1984 1980 1995 2000 2005 2010 2016

Figure 3.3: An example of a famous physicist - Google Scholar Profile (Top) Curricu-
lum Vitae (Middle) Scholar Plot (Bottom). Scholar Plot includes all the publications
with different colors and symbols, which distinguish the type of publication.



Co-Authors (Number of Papers with loannis Pavlidis)

1. | Pavlidis I —— (154)
2. P Tsiamyrtzis I (33)
3. D Shastri . (21)

4. J Levine . (21)

5. P Buddharaju N (18)

6. N Papanikolopoulos [ (17)

7. V Morellas D)

8. J Dowdall )

9. Y Fujiki [ (10)
10. J Fei o)
11. P Symosek )]
12. R Singh = (8)
13. B Fritz (8

14. Y Zhou m@

15. A Wesley B (6)

16. P Lindner [ (6)

17. | Uyanik [ (6)

Figure 3.4: The coauthor panel displays the author list.

and ending with the current year. The vertical axis is the number of citations. The
default plot is in logyo scale. The user can also view the plot in the decimal scale by
a toggle option using a radio button at the top left corner (Figure 3.2). The log scale

provides a standardized scale that helps to compare the plots of multiple scholars.

3.2.1 Publication Data

Each publication is represented with a ¢ symbol. The center of the symbol has
coordinates (ipy,ic), where PY stands for Publication Year and C' for Number of
citations obtained by the publication date. The journals are represented as circles
(orange) with area analogous to the impact factor the journal, and the conferences

/ books are represented as triangles (green) and the patents as crosses (blue).

10



By clicking at a symbol, you can obtain the publication title, year, number of
citations, the venue where published, and its impact factor (if it is a journal), as
well as the breakdown in the authorship, complete with the level of collaboration
between the co-authors and the selected scholar (Figure 3.5). The publication title
also enables the user to navigate to the Google Scholar page for the selected paper.
This helps to quickly verify and obtain further details of the selected publication.
It allows users to access the PDF file directly, if available. To improve the user
experience, | customized the tooltip to give detailed information without overlapping

the plots.

Host And Habitat Specialization Of Avian Malaria In Africa (2012) [Citations: 40]
Molecular Ecology [IF: 6.275]

C Loiseau B (9)
RJ Harrigan e (16)
A Robert (1)

RCK Bowie 12)
HA Thomassen [ (16)

TB Smith el

Figure 3.5: An example of the tooltip: the publication title, the year, the number of
citations, the venue where published, impact factor, the list of co-authors, the visual
horizontal bars with the number of collaboration between the co-authors, and the

selected scholar.

The dotted horizontal line on the plot denotes the h-index of the scholar as seen in

11



Figures 3.2. Also, I denote the publications that earned greater than 10,000 citations
with diamonds, as they represent the great success in publications (Figure 3.3). The
title of the plot contains the name of the scholar and her /his total number of citations
along with the h-index. At the top right corner, I display a legend distinguishing

between the three different types of publications (Figure 3.6).

® Journal A\ Conference / Book s Patent
(O Journal AConference / Book + Patent

Figure 3.6: The legend allows users to selectively view journals, conferences / books,
and patents.

I improved the user experience to enable users to quickly find and select from a
pre-populated list of scholar names as they type. For each character the user enters,
scholar plot displays similar matching names on the dropdown list. Even entering
the space (“7), it displays the 10 most recently inserted scholar’s names. Scholar
Plot follows the approach of responsive web design to provide optimal viewing based

on the size of screen.

To place the plots in the personal Curriculum Vitae or on a personal web page,
I developed the function in server-side, and provided a download button at the top
right corner of the plot. This function enables the user to download plots in a zip
file. It includes high resolution vector images in SVG (Scalable Vector Graphics)

format of the publication and funding plots.

12



Ranked Density of Publication Types

Scholar Plot also has a projection of the data on the y-axis depicted by small hor-
izontal colored lines. For example, one can clearly see by the different colors that
journals contribute to the A-index of the scholar in Figure 3.7 (a) and conferences /
books contribute to the h-index of the scholar in Figure 3.7 (b). I conclude that the
scholar in Figure 3.7 (c)) has many patents and the number of publications within a

particular range of citations based on the density of the projected lines.

10000 | 10000 | 10000

1000 1000 | 1000

100 100 100

10 10 10

Number of citations [Log1o scale]

IIlIIIIIII TN
L1 IIIIIIIIIIlIIIlIIJLIIIl..IILIlI'JIJ.ILI.II.IJII.I]lIIIIIllLILII
IIIIlIIIIIII-IIII.I.'ILILIJIJ.IILI.IIlIIIII 1]

o
|
o
|
o
|

(a) (b) ()

Figure 3.7: Examples of y-axis projection for three different scholars.
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Scholar Plot of Roland Glowinski
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Figure 3.8: Examples of different scholarly profiles - Combination of journal and
conference papers.

Scholar Plot of Danny Reinberg
Total Citations: 48806, h-index: 123
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Figure 3.9: Examples of different scholarly profiles - Preponderance of journal papers.

Scholar plot brings different patterns of scholarly profiles. There are three types

of patterns and each example as seen in Figures 3.8, 3.9, and 3.10.

The user can bring the journals, patents, and conferences / books in and out of
the view by clicking at the respective legend. If there is an overlap between journals,
conferences, and patents, this feature can help the user to selectively view them. The

user can also zoom the plot for a larger picture. Also, note that the symbols are not
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Scholar Plot of Thad Starner
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Figure 3.10: Examples of different scholarly profiles - Combination of conference
papers and patents.

completely opaque. So if there are multiple symbols that overlap, the user can see

and interact with them by hovering the mouse over them.

Disk Size - How to determine the size of disks

I wanted to plot a more efficient visual for journal publications, which is presented
by different sizes, that tells the ranking of journal by Impact Factor Index. To do
this, I analyzed the data set of JCR 2015 IF and ran a quartile function as a useful
concept in statistics to determine the size of disks in Scholar Plot. Based on this
number, the system will decide the size of the disk (Figure 3.12) of each journal data

and plot it in real-time. The quartile values are shown in Figure 3.11.
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Figure 3.12: Disk shapes and quartile sizes.
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3.2.2 Funding Data

Scholar Plot also depicts the NSF/NIH/NASA funding of an individual as a multiline
(Figure 3.13). Each breakpoint in the multiline corresponds to the individual’s total
amount in dollars of all NSF/NITH/NASA awards for the specific year. By pointing
at a breakpoint you can obtain the NSF/NIH/NASA awards IDs, award amounts,
and the investigator’s role. The total annual funding information per year is also

available by clicking the legend.
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Figure 3.13: An example of Scholar Plot - Visualizing Funding Data.
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Base level Scholar Plot (SP) example - a famous physicist and interdisci-

plinary scientist with dozens of articles in Nature. The summary panels in the middle
were added after a feedback from the focus group. Notice how this scholar’s pub-
lication production exploded in sync with the commencement of substantial federal

funding.
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3.3 Department Plot - Group Visualization

The group level of Scholar Plot visualizes department/college academic records. One
of the important issues was to determine how to scale the individual visualization
to the group level. Group plot consists of 2 aspects - plot at the department level
and at the college level. I applied our design philosophy at the group level. I use pie
charts and bar charts to display the information in a compact manner. Pie charts
are useful to show a proportion of contribution of each individual to the group (i.e.
department). For pie-charts, I displayed the top 5 scholars to avoid overcrowding

the pie chart.

3.3.1 Department Plot

Departmental Plot is an attempt to visualize aspects of tenured and tenure-track
faculty contributions to their home department. These aspects include intellectual
contributions as well as non-intellectual factors such as funding. The faculty are
compared based on publicly available measures like h-index, citations, and impact
factor. I visualized a citation contribution as a pie chart normalized by the number
of years in which a scholar spent in academia. Also, I portrayed charts depicting the
highest (Home Run) cited paper and the highest (Home Run) impact factor journal

where the scholar published.
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Mean Departmental h-index

College Mean: 28
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Figure 3.15: Mean Departmental h-index - College of Natural Sciences and Mathe-
matics at University of Houston.

3.3.2 Department Plot Glossary

H-INDEX
The h-index is a form of measure that takes into account the number of citations

and number of total publications made by a scholar.

HOME RUN CITATIONS
The Home Run Citations bar chart shows the highest cited paper within the
department, with the largest number of citations of a publication on the y-axis,

and the scholar associated with that publication on the x-axis.

CITATIONS
The Citations bar chart displays the total amount of citations a scholar has

received through all of his/her publications.

CITATIONS PIE CHART
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Home Run Citations & e highest cited paper per scholar
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Figure 3.16: Home Run Citations, Mean Departmental Citations, and Citations Pie
Chart (Total Citations and Normalized Citations) - College of Natural Sciences and
Mathematics at University of Houston.
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Home Run |mpact Factor ﬁ The highest impact factor journal published at the department
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Figure 3.17: Home Run Impact Factor, Mean Departmental Impact Factor, and
Impact Factor Pie Chart - College of Natural Sciences and Mathematics at University
of Houston.
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Funding Pie Chart

NSF+NIH+NASA Funding Normalized NSF+NIH+NASA Funding
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Figure 3.18: Funding Pie Chart - College of Natural Sciences and Mathematics at
University of Houston.

The Citations Pie Chart displays the percentage of citations that each scholar

produced out of all the citations in the department.

HOME RUN IMPACT FACTOR
The Home Run Impact Factor bar chart shows the highest journal impact
factor for each of the deparment’s scholars. The impact factor is on the y-axis

and the name of the scholar is on the x-axis.

MEAN IMPACT FACTOR
The Mean Impact Factor bar chart shows the average level of journal impact
factor by each scholar in the department with the impact factor on the y-axis

and the name of the scholar on the x-axis.

IMPACT FACTOR PIE CHART
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The Impact Factor Pie Chart displays the percentage of journal impact that

each scholar is responsible for out of the total journal impact of the college.

FUNDING
The funding bar chart shows the amount of funding awarded to each scholars
in the department with the amount of dollars in funding on the y-axis and the

scholar associated with that funding on the x-axis.

FUNDING PIE CHART
The Funding Pie Chart displays the percentage of funding that each scholar

has received in the department.

3.3.3 College Plot

College plot attempts to visualize the contributions of the departments to the home
college. College plot pictures the mean values of various measures described above
for each department. I used pie charts and bar charts like in the department plot.
Note that the data for department and college plot is generated by using a query to

our database.

3.3.4 College Plot Glossary

FUNDING PIE CHART
The Funding Pie Chart displays the percentage of funding that each scholar

has received in the department.

25



h-index
Departmental Mean: 21

39

39 36 35
30
25 25 o4
202 2 5 g

20 19 19 18 47

I I I14 BT
1 . .
" % Y A % 2 Y R % % %,

(=]

< ’
. . T % % %, 0. %
2 % e B S T Y % % G %, ,
) Cp @-7 d‘o,. Y /'% 2 o % /f@} Q/@(/ N L ’b,oé “q, % L. 706 4704_ % L é@’? %, 0)6" ) % 66/
06% @1’40' A 454 %”@ EA %O K é%f A T B % k3 66’9 N %, Oé@/)
S Ay 3 % s % ) e
% %, s %, fop ¥ © @

Figure 3.19: hindex - Department of Computer Science at University of Houston.

MEAN DEPARTMENTAL H-INDEX
The Mean Departmental h-index bar chart shows the average h-index for each
department in the selected college. The y-axis is the mean h-index and the

x-axis is the department name.

HOME RUN CITATIONS
The Home Run Citations bar chart shows the number of citations of the high-
est cited paper within each department on the y-axis and the names of the

departments on the x-axis.

MEAN DEPARTMENTAL CITATIONS
The Mean Departmental Citations bar chart shows the average number of
citations for the scholars in each department with the number of citations on
the y-axis and the names of the departments on the x-axis.

CITATIONS PIE CHART
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tations, Normalized Citations) - Department of Computer Science at University of

Houston - Citation.
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Home Run Impact Factor The highest impact factor journal where the scholar published
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Figure 3.21: Home Run Impact Factor, Mean Impact Factor, and Impact Factor Pie
Chart - Department of Computer Science at University of Houston - Impact Factor.
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NSF+NIH+NASA Funding) - Department of Computer Science at University of
Houston - Funding.
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The Home Run Impact Factor bar chart shows the highest journal impact
factor of each department with the impact factor on the y-axis and the names

of the departments on the x-axis.

HOME RUN IMPACT FACTOR
The Citations Pie Chart displays the percentage of citations that each depart-

ment produced out of all the citations in the college.

MEAN DEPARTMENTAL IMPACT FACTOR
The Mean Department Impact Factor bar chart shows the average level of
journal impact factor by each department with the impact factor on the y-axis

and the department on the x-axis.

IMPACT FACTOR PIE CHART
The Impact Factor Pie Chart displays the percentage of journal impact that

each department is responsible for out of the total journal impact of the college.

FUNDING PIE CHART
The Funding Pie Chart displays the percentage of funding that each department

has received in the college.

3.3.5 Compare Plot

Department Compare aims to assist people to have a deeper understanding of the
inner accomplishments in the departments. It complements the ranking given to the

department by the US News Report. Department Compare feature compares the
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departments with the same publicly available measures. Scholar plot compares the
summary statistics like the mean values. It uses box plots to compare the distribution
of values of the individual faculty in each department. To determine whether a result

is statistically significant, box plots denote the significant sign.

3.3.6 Compare Plot Glossary

OVERVIEW
The overview displays the mean h-index, mean citations, and home run ci-
tations for the two departments in the form of multiple bar graphs. Each
color represents one of the departments, indicated by the key at the top of the

section.

H-INDEX DISTRIBUTIONS
The h-index distributions chart displays the spread of the h-indexes within a
department through box plots. The n value above each box plot represents the
sample size used. The stars below the title of each section signify the statistical

significance.

CITATION DISTRIBUTIONS
The Citations Distributions chart shows the spread of the citations within the
department for each university. The n value above each box plot represents the
sample size used. The stars below the title of each section signify the statistical

significance.

IMPACT FACTOR DISTRIBUTIONS
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The Impact Factor Distributions chart displays the spread of citations within a
department through box plots. The n value above each box plot represents the
sample size used. The stars below the title of each section signify the statistical

significance.

3.4 Academic Garden - Scalable Visualization

Academic Garden (AG) is a scalable visualization of academic merit. It applies to
individual academics, departments, colleges, and any other academic group thereof,
such as a research lab or a project team. Reminiscent of the legal views for phys-
ical personhood and corporate personhood, we consider that individual academics
and academic groups share behavioral characteristics. Specifically, we argue that
academic performance has three pillars that are scale invariant: (a) funding that en-
ables intellectual production; (b) prestige of the venues where intellectual products
appear; and, (c¢) impact of the intellectual products. In the case of groups, these three

variables are expressed as statistics of the corresponding individual measurements.

Academic Garden uses the flower metaphor to visually articulate performance for
academic entities. The width of the flower’s stem is commensurate to the academic
funding this entity received (‘juice conduit’). The height of the flower’s stem is
commensurate to the impact of the entity’s intellectual products (‘visibility’). The
diameter of the flower’s disc is commensurate to the prestige of the venues where

these products appeared (‘fancy factor’).
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3.4.1 Research Funding: Enabler of Production

Research funding is an enabler of academic production. Very few things can be
done in the absence of funding in science and engineering. Even in humanities,
some funding is needed in many cases (e.g., travel support for archival research).
Research funding is dispensed through peer-reviewed proposal competitions, and
for this reason, it is not only an enabler but also has inherent merit. As different
disciplines need different levels of funding some normalization is in order. This
normalization can be any statistic. We prefer the quartile where the funding level
of the academic entity’s record belongs with respect to all the records in the specific
discipline. ‘All’ here is commensurate to the selected reference, whether this is a
university department or a set of departments across the United States. Needless
to say that the original funding records need to be adjusted, taking into account
the entity’s age (if the entity is a physical person) or the number of individuals

participating in the entity’s personhood (if the entity is a group).

3.4.2 Prestige of Product Venue: Pre-production Achieve-

ment

Funded (and unfunded) research typically results in intellectual products. These
are typically journal papers, conference proceedings papers, or books. Occasionally,
intellectual products include patents or software packages, such as smartphone ap-
plications. Almost all intellectual products undergo review process, and the ones

successfully passing this review process have inherent merit. The review process
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criteria are not uniform. Moreover, publishing in different venues is associated with
various degrees of difficulty. In journals, this difficulty is largely associated with the
journal’s impact factor (IF), as determined by Thomson Reuters - the higher the
IF', the more difficult it is to be published in a journal, and the more valuable and
prestigious a potential acceptance. For refereed conferences, the prestige is loosely
associated with the venue’s acceptance rate? the lower the acceptance rate, the
more difficult it is to get into the conference proceedings, and the more prestigious
the accomplishment. Unfortunately, there is no universally accepted ranking list for
conferences, as is the case of the Thomson Reuters IF list for journals. Hence, it is
not opportune to assign a numeric score to conference publications. The same ap-
plies for books, where evaluations are even more qualitative, and based on opinions
about the perceived prestige of the publishing house. And, we are totally agnostic
regarding pre-production credit, when it comes to patents and software products.
As a result, for the moment we use only IF to measure pre-production achievement.
Based on the histogram analysis of the frequency of publications in the IF list of
journals, we use four classes to group prestige. Different grouping may be adopted,

however, depending on the analytics used.

CLASS-1: TF < 2

CLASS-2: 2 <=1F < 4

CLASS-3: 4 <=1F < 16

CLASS-4: 16 < IF
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3.4.3 Product Impact: Post-production Achievement

Once a paper appears in a journal or conference proceedings, or a book appears in
the market, it gets noticed and depending on how useful researchers find the concept
or method contained therein, they may start using it, and citing its source in their
own intellectual products. This practice constitutes impact, which is a sought-after
outcome of the research process as the building block of scientific advances. There
are several ways of measuring impact, but the most widely accepted is the citation

count.

As different disciplines have different population sizes and publication practices,
which may affect citation numbers, normalization is in order. This normalization can
be any statistics. We prefer the quartile where the citation count of the academic
entity’s record belongs with respect to ‘all’ the records in the specific discipline.
‘All’ here is commensurate to the selected reference, whether this is a university
department or a set of departments across the United States. Needless to say that
the original citation records need to be adjusted, taking into account the entity’s age
(if the entity is a physical person) or the number of individuals participating in the

entity’s personhood (if the entity is a group).

Putting it All Together

The design is not only measurable, but also comprehensive, fair, and sensible. As
an abstracted pattern, it holds true not only for academic production, but also for

many other types of creative production. I considered representative cases to support
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the argument that this value system gives credit where credit is due, while at the
same time it pinpoints the hidden truth that are not accounted for under the present

heuristic and fuzzy evaluation processes.

SINKHOLE: Take the case of a well-funded academic entity that churns out
products appearing in low-level journals and collecting few citation hits. This entity
deserves some credit for winning competitive grants. From the science policy point
of view such an entity is a liability in the long run, as it acts like a sinkhole of
public funds. The three-prong merit system captures the pros and cons of this case,

highlighting their causal linking.

LEAN & MEAN: In contradistinction, consider an entity that has moderate fund-
ing but publishes articles in highly prestigious journals that receive many citation
hits. From the science policy point of view, this is a ‘lean and mean’ academic ma-
chine, as with moderate resources achieves maximum results. Every relevant funding
agency would like to give to this entity more funding, as it represents a great invest-
ment. The three-prong merit system captures the pros of this case, highlighting their

causal linking.

ODDBALL: Consider an entity that publishes highly novel concepts in big jour-
nals. The concepts attract attention for their creative power but find no use for the
moment, receiving few citation hits. The fact that the concepts did not find an im-
mediate application does not detract from their intellectual worth, which is captured
by the pre-production merit criterion. The three-prong merit system captures the

pros and cons of this case, highlighting their causal linking.
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UNASSUMING HEROQO: Consider an entity that publishes specialized methods in
solid transaction level journals. These methods find wide applicability in the relevant
disciplinary communities and are widely cited. This entity did not receive any huge
pre-production merit. However, its post-production impact more made up for it.
The three-prong merit system captures the pros and cons of this case, highlighting

their causal linking.

3.4.4 Academic Garden Flower Diagram

The flower was chosen as the visual metaphor for the performance of an academic
entity. A nice looking flower is highly desirable, and so is a meritorious academic
entity. Structurally, the stem, and disc make up a flower. We defined: (a) the width
of the stem to be commensurate to the academic entity’s funding; (b) the height
of the stem to be commensurate to the academic entity’s citation record; and (c)
the diameter of its disc to be commensurate to the prestige of the venues where it

publishes.
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Figure 3.24: A wider stem means that a flower has the necessary support to grow.
The width of each stem in the plot indicates the level of funding the scholar has
received. A higher quartile of funding is represented by a wider stem and a darker
green color. As a flower grows its stem heightens. The length of each stem in the

plot represents a scholar’s total number of citations.
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Academic Garden

Global C) Local

Albert-Laszlo Barabasi
‘Impact Factor: 13.817
Citations: 146,562
Funding: $5,620,884

Figure 3.25: Academic Garden example of Global Scale - Computer and Information
Science at Northeastern University.
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Academic Garden

Global o Local

Albert-Laszlo Barabasi
Impact Factor: 13.817
Citations: 146,562
Funding: $5,620,884

Vo

Figure 3.26: Academic Garden example of Local Scale - Computer and Information
Science at Northeastern University.
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Chapter 4

Software Design

4.1 Data Sources

There were several options to get bibliographic data for powering the publication
plot of Scholar Plot (SP). These include Scopus, IST Web of Knowledge, and Google
Scholar. We chose Google Scholar for two reasons: a) it is all inclusive, covering all
types of publications such as journals, conferences, books, and patents; and, b) it is
freely available. Scopus is subscription based and not as inclusive as Google Scholar.

ORCID has publications and funding data but requires extensive set-up.

Our choice carries a few challenges, too. Google Scholar does not provide an
application programming interface. Hence, we had to develop an elaborate software
to scrape information off publicly available Google Scholar pages. Also, not every

academic has a Google Scholar page.
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We use the Journal IF List that is issued every year by Thompson Reuters to

assign disk sizes to journal publications.

For funding records, we use the publicly available grant records from the National
Science Foundation (NSF) [8], the National Institutes of Health (NIH) [20], and the
National Aeronautics and Space Administration (NASA) [1]. These are the only

funding agencies with publicly available datasets at this point.

Agencies Fiscal Year Rows Per Year

NSF  FY 1085 - FY 2013 312,311 rows 10,769 /year
NIH  FY 2000 - FY 2013 777,657 rows 55,456 /year
NASA FY 2007 - FY 2015 16,670 rows  1,852/year

Table 4.1: Funding datasets in Scholar Plot system.

4.2 System Architecture

Scholar Plot is the web-based data visualization method that uses HTML5, CSS3,
and SVG to render a scholar’s accomplishment at a glance. We created a MySQL
database to store the mapping between the scholar names and their Google Scholar
IDs. We also designed and created database tables for NSF/NIH/NASA funding
data. The user can search the name of the scholar in a text field. When the user
starts to enter the name of the scholar, the names in our database which are similar
to the entered name will be listed as a drop down list. We use jQuery and Ajax
(asynchronous JavaScript and XML) method to have this feature, which connects to
the database to get the list of names. If there are no matching/similar names, the

user can also insert her/his Google Scholar ID to the database by one click event.
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Client HTTP request:
(Web browsers) HTTP request: e id = author name

o (iQuery, Ajax)
@ HTTP response: a ”
(JSON)
Render in SVG
sQL
7 (HTML5+CSS3, nvd3) L?Q Query

Table Scholar authors,
Impact Factor,
NSF, NIH, etc.

Database Server
\\(MySQL 5.5) /

/Web Server \
(PHP 5.5) Google Scholar

HTTP response: e Gogle
author details

Figure 4.1: System Architecture of Scholar Plot.

Once the scholar’s name is selected, the user can run the application to see the vi-
sual results of the selected scholar’s publications and fundings. Scholar Plot connects
to the Web server to retrieve the necessary information. The server-side application
is implemented in PHP scripting language and MySQL. The HTTP protocol is used
for communicating between client-side and server-side to get the basic information
via JSON format (JavaScript Object Notation) and JSONP function (Figure 4.1).
Scholar Plot also uses htmISQL library to parse Google Scholar’s page to extract

user basic information [14].
Scholar Plot obtains the Impact Factor (IF') for a particular journal from our
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database. The data of Impact Factor is acquired from The Thomson Reuters Impact
Factor - Web of Science. Based on all this information it constructs the plots as

per the design outlined in the Visualization and User Interface section, using nvd3

library [21].

The NSF/NIH/NASA funding datasets are available at the respective US gov-
ernment websites in various file formats such as XML, CSV, and so on [8, 20, 1].
We implemented a script to parse this massive XML dataset into our data structure
that consists of AwardID, AwardAmount, First name, Last name, and Investigator
by RoleCode (Principal Investigator, Co-Principal Investigator, and Former Princi-
pal Investigator), using XMLStarlet [12]. We imported this data to our database
using Toad DBMS tool. Currently, we have only these three funding data sources.
So this is a limitation of the current system. It is biased to the scholar’s country of

residence. We are working on adding more of them to our database.

4.3 Name Disambiguation

With the amount of data and data sources rapidly growing and expanding, it is essen-
tial for the large amounts of available data to be organized for analysis. Through the
process known as Data Wrangling, unorganized and scattered data can be prepared
for easy access and analysis. The datasets of google and goverment funding have to
be cleaned because it contains many non-english characters and its messy datasets
[15]. We use regular expression to remove the invalid special characters and translate

phonetic characters to English alphabets. We designed and implemented Algorithms
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10 to match the author names in Google Scholar with those in NSF/NIH/NASA

data. This process helps to improve the quality of results.

4.3.1 Within the Google Scholar profile

A single Google Scholar profile might contain multiple variations of the authors name
based on the middle name and initials. For example, consider the example Google
Scholar profile of Ioannis Pavlidis. It contains four variations of his name in different

publications.

Toannis T Pavlids

IT Pavlids

I Pavlids

loannis Pavlids

We use the first initial and last name of an author to obtain the count of the

number of publications in the panel.
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Co-Authors (Number of Papers with loannis Pavlidis)
1[IPavids ] —— 39)
2. P Tsiamyrtzis . (33)
3. D Shastri - (21)
4. P Buddharaju I (18)
5. B (14) Co-Authors (Number of Papers with loannis Pavlidis)
6. NP Papanikolopoulos [l (13) 1. | Pavlidis I (154)
7. J Levine B (13) 2. P Tsiamyrizis I (33)
8. V Morellas (1) 3. D Shastri . (21)
9. Y Fujiki (1) 4. J Levine - (21)
10. J Fei RG] 5. P Buddharaju . (18)
6. N Papanikolopoulos I (17)
7. V Morellas (1)
8. J Dowdall (1)
. . 9. Y Fujiki W (10)
First Initial + Last Name 10.J Fei ")

Figure 4.2: Example of how the name disambiguation algorithm works.

4.3.2 Between Google Scholar and Funding datasets

The funding datasets released from governments need to be cleaned because they are
different data formats and structure. We cleaned the names by removing Sr., Jr.,
ITI, Ph.D., Dr., and so on. Then we need to match the names in the Google Scholar
profile with those in the funding datasets. The algorithm is given in Algorithm 10.

An example is visually depicted in Figure 4.3.
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Algorithm 1 Matching the name between Google Scholar and funding datasets.

1: procedure SEARCHING FOR AUTHOR NAME

2 googleFirstName < first name in Google Scholar

3 googleLastName < last name in Google Scholar

4 googleMiddlelnitial <— middle initial in Google Scholar
5: if last NamelInFundingData = google Last Name then
6
7
8

if firstNamelnFundingData = googleF'irst Name then
if googleMiddleInitial is null then return true

: else Search for (middleInitial, google Fiir st N ame) and
(googleFirst Name, middlelnitial)
9: if found then return true
10: else return false

return false

Name in Google Profile Name in Funding Data

Daniel M. Smith Daniel Michael Smith
=min Smih

M % Daniel Daniel Michael
Daniel M % Daniel Michael

Figure 4.3: Example of matching the name in Google Profile with the name in
funding data. Daniel M. Smith is considered as Daniel Michael Smith and Daniel
Smith.
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Chapter 5

Results

5.1 User Feedback - Usability Study

A total of 15 participants from various disciplines including Natural Sciences, Social
Sciences, Life Sciences, and Computer Science evaluated Scholar Plot. We asked
each participant to review the interface and complete an online survey. Special
care was taken to ensure that the participants had correct understanding about the
visualization component before they began rating. The participants answered the
questions on a Likert scale from 1 to 5 with 1 being strongly disagree and 5 being

strongly agree.

Figure 5.1 illustrates the mean evaluation for each visualization component. Ac-

curacy, usability, and understandability of Scholar Plot scored the highest (u = 4.2)
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as it is very intuitive and can be used with minimal assistance. The highest pos-
itive feedback we received from many of the participants was the visual scheme of
Scholar Plot. Another observation is that the participants agree to use Scholar Plot
to evaluate themselves (u = 4.1). They suggested that Scholar Plot can be improved
by adding more funding agencies. Overall, this evaluation indicated that Scholar
Plot is a user-friendly tool that complements the CV which can be used to review
a scholar’s accomplishments. The survey has been approved by the University of

Houston Institutional Review Board (IRB).

Ease of Use I 4.2
Accuracy I 4.2
Ease of Understanding I 4.2
Complements CV I 3.9
Promotes Self-awareness FE—— 3.7
Willingness to use for Evaluating Others I 3.9
Willingness to use for Self-evaluation a1
Use in Evaluation Committees 3.9
Overall Design 4.0
Better Tool than CV w34

Figure 5.1: Mean evaluation of Scholar Plot. A total of n = 15 participants evaluated
the survey.
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5.2 User Feedback - Focus Group

We ran a focus group with 10 Principal Investigators and their post doctoral students
at Northwestern University. The participant set included biologists, physicists, com-
puter scientists, and social scientists. The focus group’s suggestions are synopsized

as follows:

Interface team science information. Participants wanted to see the number and

intensity of collaborations for the depicted scholar.

Summarize highly cited papers. Participants wanted to see explicitly in a side

panel the scholar’s most popular papers.

Interface journal profile. Participants wanted to see the specific journals where

the scholar publishes most often and their impact factors.

The participants believed that accessorizing the central publication graph with
this additional information would support deeper instant comprehension without
compromising the elegance of Scholar Plot’s compact visual representation. Specifi-
cally, this additional interface would reveal the collaborative nature of the scholar’s
work, give hints if s/he is a regular in specific disciplinary journals or if publishes in

a variety of journals (interdisciplinarity), and give the rank of these journals.
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Co-Authors (Number of Papers with H. Eugene Stanley)

1. H Stanley I (299
2. S Havlin N (78)
3. S Buldyrev I (83)
4. L Amaral I (37)
5. A Goldberger I (31)
6. C Peng P (27)
7. P Ivanov [ (26)
8. F Sciortino [ (24)
9. P Gopikrishnan [ (20)
10. V Plerou )

Figure 5.2: Panel listing the top collaborators with the selected scholar ranked by

the count of the number of publications collaborated.

Top 5 Most Cited Papers

1. Introduction to phase transitions and critical phenomena (1987) | (Citations: 6723)
2. Fractal concepts in surface growth (1995) | (Citations: 4378)
3. Physiobank, physiotoolkit, and physionet components of a new research... (2000) | (Citations: 3583)
4. Introduction to econophysics: correlations and complexity in finance (1999) | (Citations: 3331)
5. Mosaic organization of DNA nucleotides (1994) | (Citations: 2955)

Figure 5.3: Panel highlighting the top 5 cited papers of the selected scholar.
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Journals Ranked by Frequency [mean IF: 9.269]

1. Physical Review Letters [IF: 7.512] M (62)
2. Physical Review E [IF: 2.288] [ (54)
3. Nature [IF: 41.456] I (32)
4. Physica A-statistical Mechanics And Its Applications [IF: 1.732] I (25)
5. Proceedings Of The National Academy Of Sciences [IF: 9.737] I (15)
6. Physical Review B [IF: 3.736] (11)
7. Journal Of Physics A-mathematical And General [IF: 1.766] 9)

8. Epl [IF: 2.095] [ (8)

9. Physical Review A [IF: 2.808] M (7)
10. Proceedings Of The National Academy Of Sciences Of The United States Of America  [IF: 9.674] [ (6)

Figure 5.4: Panel displaying the top journals ranked by the frequency of publication.

Top 5 Journals by Impact Factor
1. Nature [IF: 41.456] M (32)
2. Reviews Of Modern Physics [IF: 29.604] | (1)
3. Accounts Of Chemical Research [IF: 22.323] | (1)
4. Nature Physics [IF: 20.147] § (4)
5. Circulation [IF: 14.43] | (1)

Figure 5.5: Panel showing the top 5 journals where the selected scholar published

ranked by the impact factor.

5.3 Global and Local Bias Correction

Academic Garden reveals that some people stand out locally in low ranking depart-
ments such as the University of Houston (See Figure: 5.6) but are ordinary in the
global scheme of visualization (See Figure: 5.7). The opposite is true for very high-

ranking departments such as Massachusetts Institute of Technology (MIT) where,
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because of a couple of outstanding people, others may appear unimportant locally

(See Figure: 5.9) though they are quite good in their discipline (See Figure: 5.7).

Providing both visualization schemes to the user makes Academic Garden a useful
tool for every academic department no matter how they are ranked. Rather than
a log scale, which would unjustifiably elevate the lowest performing faculty and not
adequate acknowledge the merit of the highest performing faculty, the local scheme
displays a department using a linear scale. The local scale is dynamic and is adjusted

to the maximum citation count of the department.

The global scale has two linear sections. The top section has a fixed minimum
of 20,001 and a fixed maximum of 300,000, which is larger than the highest number
of citations in the global dataset. The bottom section has a fixed range of 0-20,000
citations, which represents the 90 percentile of the global dataset. The larger
height of the bottom section displays the 90" percentile of faculty vertically across

Academic Garden instead of compressing it to the very bottom.
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Academic Garden

Figure 5.6: Local Scale: Department of Computer Science at the University of Hous-

ton.

Academic Garden

loannis Pavlidis

Impact Factor:
Citations:
Funding:

Figure 5.7: Global Scale: Department of Computer Science at the University of

Houston.
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Academic Garden

Mildred S. Dresselhaus

Impact Factor: 7427
Citations: 134,885
Funding: $4,671,190

Figure 5.8: Global Scale: Department of Computer Science at the MIT.

Academic Garden

Global c Local

Mildred S. Dresselhaus
Impact Factor: 7.427
Citations: 134,885
Funding: $4,671,190

Figure 5.9: Local Scale: Department of Computer Science at the MIT.
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Table 5.1: The list of institutes in Computer Science by rank sourced from U.S. News

[19].

Rank Department of Computer Science

University of California, Berkeley

Carnegie Mellon University

Massachusetts Institute of Technology
Stanford University

University of Illinois at Urbana-Champaign
Cornell University

University of Washington

Princeton University

Georgia Institute of Technology

University of Texas, Austin

O © 00 Oy O UL = = = =

—_

5.4 Data Analysis

For the validation of our design choices of Academic Garden, I used chaired faculty
as the ground truth. An Endowed Chair is considered a prestigious award in the
United States. I ran linear models in R software [9] to understand the validity of the

design with respect to Endowed Chairs.

The data was collected in July 2016. This included total 14 different universities.
The data consists of (n = 248) faculty from Computer Science and (n = 152) from
Biology from the top 10 schools according the US News Report 2015 [19]. The data
of chaired faculty consists of (n = 61) chaired professors from Computer Science and

(n = 32) from Biology in top 10 schools.

The three criteria we used in the Academic Garden are citations, impact factor,
and funding. We computed the quartiles for these three criteria based on the local

department faculty, as well as the global scale considering all the faculty from the
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Table 5.2: The list of institutes in Biology by rank sourced from U.S. News [19].
Rank Department of Biology

Harvard University

Massachusetts Institute of Technology
Stanford University

University of California, Berkeley
California Institute of Technology
Johns Hopkins University

University of California San Francisco
Yale University

Princeton University

Cornell University

[S—y
O O~ = U e

same discipline. We obtained the discipline information from the Classification of In-
structional Programs (CIP) codes from The National Center for Education Statistics

designed the Classification of Instructional Program [7].

For each faculty, we computed the quartile to which he belongs to for each of
the three criteria in the local and global scales. We also computed a variable to
determine if a faculty belongs to either one of the top 3 criteria. For Computer
Science, this variable significantly predicts chaired faculty ( p < 0.05 ) i.e, we can
predict a faculty is chaired if he belongs to the top quartile locally in either of the

three criteria.

The values are seen in Figures 5.10. In this model, quartiles are calculated with

respect to the department which the faculty belongs to.

All three criteria can be considered as separate factors. In computer science,
citations are highly significant ( p < 0.001 ) while the mean impact factor is not sig-

nificant. This is because computer science faculty do not publish as much in journals.
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summary (glm(is_chair-~local_top g any of_ three, family = binomial))

##

## Call:

## glm(formula = is chair ~ local top g any of three, family = binomial)
##

## Deviance Residuals:

## Min 10 Median 30 Max

## -0.8567 -0.8567 -0.6039 -0.6039 1.8930

##

## Coefficients:

## Estimate Std. Error z value Pr(>|z|)

## (Intercept) =1.6094 0.2582 =6.233 4.57e=10 **%*
## local top g any of three 0.7959 0.3166 2.514 0.0119 *
## ——=

## Signif. codes: 0 '**x' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##

## (Dispersion parameter for binomial family taken to be 1)

##

## Null deviance: 276.70 on 247 degrees of freedom

## Residual deviance: 270.02 on 246 degrees of freedom
## AIC: 274.02

##

## Number of Fisher Scoring iterations: 4

Figure 5.10: Screenshot of a result of Linear Model in R.

The funding is also not significant because our funding sources (NSF/NIH/NASA)
do not include most funding sources which computer science faculty obtains funding,
for example, DoD (United States Department of Defense) and DHS (United States

Department of Homeland Security).

However, in the case of Biology, the funding quartile is significant ( p < 0.01
) because of the funding dataset includes NSF, NIH from where most the Biology
grants are from (Figures: 5.11). Also, the Impact Factor quartile is significant ( p <

0.05 ) because they publish more in journals.

According to the results of linear model, the data analysis validates the design
choice of the three criteria for the visualization, and it is exactly mirroring visual-

ization with quartiles values.
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summary (glm(is_chair-local q_t_funding, family = binomial))

Call:
glm(formula = is_chair ~ local g t funding, family = binomial)

Deviance Residuals:
Min 10 Median 30 Max
-0.9142 -0.7435 -0.4758 -0.4758 2.1140

Coefficients:
Estimate Std. Error z value Pr(>|z|)

(Intercept) -0.1680 0.4366 -0.385 0.70037
local g t funding -0.4883 0.1782 -2.740 0.00614 =**
Signif. codes: 0 '#%*' 0.001 '#*' 0,01 '*' 0.05 '.' 0.1 ' ' 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 156.45 on 151 degrees of freedom
Residual deviance: 148.32 on 150 degrees of freedom
AIC: 152.32

b o o i b o o o i o o o

Number of Fisher Scoring iterations: 4

Figure 5.11: Screenshot of a result of Linear Model in R.
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Chapter 6

Conclusion

I described a visualization method that complements the information contained in a
researcher’s Google Scholar page and summarized by her/his h-index. I provided a
visualization scheme which summarizes the current measures. It introduces a bias due
to funding agencies in the United States. One can draw deeper conclusions that are
not supported by the h-index alone and cannot be derived from the Curriculum Vitae
or the Google Scholar page, unless a significant investigative effort is undertaken. The
qualitative panels, statistical values like mean impact factor, temporal plots, and the

tooltips provide useful insights. Our user study also supports this.

Scholar Plot works at three levels - the individual, the department, and the col-
lege. The individual (base) level captures in a figure three key indicators of academic
prowess: citation impact, the prestige of publication venues, and research funding.
These indicators scale up in the department & college (aggregate) levels of Scholar

Plot as pie charts, revealing at a glance the relative contributions of entities from
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the lower echelon.

The basic idea behind Scholar Plot is to facilitate an instant deeper compre-
hension regarding different strengths of academic records, supporting the work of
evaluation committees, and the curious academic in search of an advisor or depart-
ment. One of Scholar Plot’s strengths is that it draws data from open sources that
are inclusive. However, it is a technical problem because Google Scholar - a key open
source used by Scholar Plot - does not offer an application programming interface
(API). For the base level of Scholar Plot, we solved this problem with sophisticated
data scraping assisted by a simple one-time wiki function: if the individual sought
by the user is not recognized by Scholar Plot, Scholar Plot asks the user to copy and
paste the targeted individual’s Google Scholar URL. Scholar Plot will remember it
thereafter by automatically scraping the scholar’s data every time a user requests it
by name. For the department and college levels, a wiki function is also available to

request the information of the departments at https://goo.gl/RHsuJu.

Not only that, I described Academic Garden (AG), which is about individual
academics, departments, colleges, and any other academic group visualization. Aca-
demic Garden uses the flower metaphor to visually articulate performance for aca-
demic entities. The width of the flower’s stem is commensurate to the academic
funding the entity received (‘juice conduit’). The height of the flower’s stem is
commensurate to the impact of the entity’s intellectual products (‘visibility’). The
diameter of the flower’s disc is commensurate to the prestige of the venues where

these products appeared (‘fancy factor’).
For the validation of the design choices of Academic Garden, I used Endowed
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Chaired faculty as the ground truth. An Endowed Chair is considered as a prestigious
award in the United States. The data analysis using faculty from the Computer
Science and Biology departments of the top 10 schools in the United States indicates
that chaired faculty can be predicted using the three merit criteria of citations,
impact factor, and funding. Our scheme is exactly mirroring the visualization with

quartiles values.

The Scholar Plot and Academic Garden are likely to have a broad appeal because
it is useful for evaluating committees, and it is available online for free at http:

//www .scholarplot.com.
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Chapter 7

Appendix

7.1 Usage of Scholar Plot

In this section, I will explain how to access and use Scholar Plot. This includes
searching for a scholar from Google Scholar, inserting a scholar into our system,

obtaining results, and the scholar’s profile URL.

7.1.1 Searching for a scholar

To visualize the accomplishments of a scholar, type the name of a scholar in the
search box. As you type, Scholar Plot will attempt to match your query to the

names of scholars in our system.

If the result of a search produces no results, Scholar Plot will prompt you to enter

the URL of the person’s Google Scholar Citations Profile. Instructions for finding a
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Google Scholar URL can be found.

7.1.2 If a name cannot be found

When a name cannot be found in our system, Scholar Plot will prompt the user to
enter the URL of the person’s Google Scholar Citations Profile. This URL can be

found using the search bar on the Google Scholar website (here).

If the names of more than one scholar match the query, you will need to locate

the correct scholar in the search results.

7.1.3 Google Scholar Author Search Results

From the person’s Google Scholar Citations Profile page, copy the URL from your

web browser’s address bar.

7.1.4 Obtaining the Google Scholar Profile URL

Return to Scholar Plot and click the ‘Submit’ button. The scholar’s information
will then appear and their name can be used in future searches on Scholar Plot and

Scholar Compare.
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https://scholar.google.com/citations?mauthors=&hl=en&view_op=search_authors

Scholar Plot

Visualize a scholar's accomplishments at a glance!

Pavlidis|

loannis Pavlidis

Michail Pavlidis

Figure 7.1: Usage of Scholar Plot - Type the name of a scholar in the search box.

Scholar Plot

Visualize a scholar's accomplishments at a glance!

Paviidis

The name is not found in our system. @
Enter the Google scholar URL below.
More information is available here.

‘Submit

Figure 7.2: Usage of Scholar Plot - No Results in Scholar Plot Search in Scholar Plot
System.
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== | [R] Google Scholar Citations x|

'scholar.

leicom/citations?mauthers=sPav|idisahl=en&view_op=search_authors

Google

Scholar

(Pavlidis |

Theodosios Pavlidis

Distinguished Professer Emeritus of Computer Science, Stony Brook University
Verified email at ieee.org
Cited by 18556

Machine Vision

Paul Pavlidis

Professor of Psychiatry, University of British Columbia
Verified email at chibi.ubc.ca
Cited by 7776

Biology Bicinformatics  Meuroscience Genetics  Genomics

loannis Pavlidis

Professor of Computer Science, University of Houston
Verified email at central uh.edu
Cited by 3468

Computational Physiology  Human-Computer Interaction  Biometrics  Computer Vision

Eckhard-Pfeiffer Professor of Computer Science, University of Houston
Verified email at uh edu
Cited by 3445

Computational Physiolegy  Human Behavior  Mobile Computing

Mabile Computing

Figure 7.3: Usage of Scholar Plot - Searching a scholar profile in Google Scholar.
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£ loannis Pavlidis - Google © %

le.col

https://scholar.

loannis Pavlidis

citations?user=E30BkwwAAAA)8Lhl=en

Eckhard-Pfeiffer Professor of Computer Science, University of Houston

Google Scholar

Computational Physiology, Human Behavior, Mobile Computing Q,
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