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Standing on the Shoulders of Giants

e Scholarly communication is
paramount to advancing science.

e How to find the most valuable
publications?

e Two problems:
O Discovery
O Impact Assessment

https://www.vecteezy.com/free-vector/business
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Discovery of Scholarly Knowledge

e Publisher silos: publishers control the
dissemination of scientific articles

Discovery options:

e Directly from the publisher
e From citation indices
e Using Web search engines

https://www.freepik.com/free-vector/farm-decorative-
multicolored-set_3977275.htm
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Citation Indices: Web of Science

e Web of Science from Clarivate Analytics
O Based on the Science Citation Index founded by Eugene Garfield in 1964

WEB OF SCIENCE™

SAELO Citation Index
BIOSIS Previews®
Science Citation Index Expanded Data Citation Index™
|| Current Contents Connect® Social Sciences Citation Index
Arts & Humanities Citation Index
Conference Proceedings Citation Index FSTA®
Derwent Innovations index™ Book Citation Index
: 5 Chemical R Inspec®
Curr«:tm = ::n kucﬂons |

By Thomson Reuters - The relevant Thomson Reuters web page., Fair use,
https://en.wikipedia.org/w/index.php?curid=44053851
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Citation Indices: Scopus

e Scopus from Elsevier

10% Elsevier
a B Health Sciences

8% Springer Nature MPhysical Sciences

M Social Sciences

PLife Sciences

7% Taylor & Francis

5% Wiley-Blackwell

2% SAGE

1% Wolters Kluwer Health
Emerald
Walter de Gruyter
Brill
Cambridge University Press
Oxford University Press
IEEE

https://doi.org/10.1162/qss_a_00019
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Published Research is Exponentially Increasing

e The growth rate of the number of
published research is constantly
increasing.

e Studies suggest that, among the vast
number of published works, many are
of questionable quality or low
impact.

e |dentifying most valuable publications
for any given research topic has
become tedious & time consuming.

Photo by Carles Rabada on Unsplash



https://unsplash.com/@carlesrgm?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
https://unsplash.com/?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
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Why?

e Increase in the number of

researchers worldwide.
O "20% between 2007-2014*

e Publish or Perish

O incredible pressure to publish more,
especially on young researchers

Edvard Munch, "The scream of nature”
https://bit.ly/3dcLbXD

*UNESCO Science Report: towards 2030. UNESCO Publishing, 2015


https://bit.ly/3dcLbXD
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Impact Assessment

e Quantifying the impact of
publications could facilitate the

identification of valuable research.
O Open Science initiatives, having
momentum make the calculation of such
measures possible.

e Academic search engines combine
keyword-search with a scientific
impact measure (usually citation

counts) to rank publications.
O possible other applications

From what data?

T=WEB?~
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Google Scholar

Articles

Any time

Since 2021
Since 2020
Since 2017
Custom range...

Sort by relevance
Sort by date

include patents
v/ include citations

Create alert

artificial intelligence

About 3,210,000 results (0.03 sec)

iror] Artificial intelligence: a modern approach
S Russell, P Norvig - 2002 - research.google
+ Read Chapters 1 and 2 of AIMA - “Artificial Intelligence: A Modern Approach” by Stuart Russell
and Peter Norvig * Begin reading “Java in a Nutshell" ... * Objectives and Logistics * Agents
and TheipRyildingRlaskss . 1. To appreciate the major types of agents, their major functions ...
¢ U9 fCited by 38141| Related articles All 49 versions 9%

citation.count
18ook] An aruricial intefligence approach
R Mitchell, J Michalski, T Carbonell - 2013 - Springer
The ability to learn is one of the most fundamental attributes of intelligent behavior.
Consequently, progress in the theory and computer modeling of learning processes is of
great significance to fields concerned with understanding intelligence. Such fields include ...
y¢ 99 Cited by 2573 Related articles All 9 versions

iwm Artificial intelligence

S Dick - 2019 - hdsr.mitpress.mit.edu

There is a plaque at Dartmouth College that reads:“In this building during the summer of
1956 John McCarthy (Dartmouth College), Marvin L. Minsky (MIT), Nathaniel Rochester
(1BM), and Claude Shannon (Bell Laboratories) conducted the Dartmouth Summer ...
y¢ U9 Citedby 121 Related articles 9%
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Scholarly Communication Lifecycle

Data sets

Research Tweets Policy
. Blogs docs
Grants Conferences Publications ,

1-5 years from grant to publication immediate 2-3 years years years decades

https://doi.org/10.1162/qss_a_00020
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Scholarly Communication Metadata
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creates major obstacles regarding the traditional knowledge discovery
required by common research processes and other relevant
tasks. However, at the same time, the increased popularity of the

» Athena R.C. Aﬂ Nowadays, the vast amount of existing published research works

.ge _go Open Science movement, makes large amounts of scholarly metadata

afﬁ"atlons available through open Scholarly Knowledge Graphs (SKGs),

paving the way for reliable research impact assessment processes,
abStraCt that can alleviate the aforementioned issue. The main objective of
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impact assessment, presenting the respective state-of-the-art and
highlighting common pitfalls.
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Citation Networks
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Al-Hattab, 2016

Zhani 2018
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Niu, 2016
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Where's the Metadata®”?

Behind publisher’s silos, or publisher-driven
paid citation indexes.

https://www.freepik.com/free-vector/farm-
decorative-multicolored-set_3977275.htm

But recent Open Science
e initiatives help make the metadata
é publicly available

with other
knowledge

systems Initiative for Open Citations

Open
engagement
of societal

actors

https://www.openscience-twente.com/open-science/#open-scientific-knowledg
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Crossref

In 1999, publishers agree to use
Digital Object Identifiers (DOIls) to

link their articles

Crossref was born as a not-for-profit

Journal
Book

Conference paper
& proceedings

¢ Component

Total registered ) Dataset

content @ Reference book
Report

106,012,923 S Eiioust

association having publishers as ) Otrer
members, and allowing them to Standard

register their DOls.

@ Dissertation
Preprints
@ Peerreview

Reference setting
per DOI prefix

What this means for reference distribution

Closed

Limited

Open

These references are only used for the Crossref
Cited-by service (members-to-members) and are not
distributed via any of the public interfaces or APlIs.

In addition, organizations that sign an agreement for
Crossref’s Metadata “Plus” subscription-based service
can access these references. (This is the default for
older membership accounts pre-2017.)

Everyone can access these references through our open
APIs. (This is the default for accounts joining from 2018.)

77,738,314
13,707,631
5,864,822

3,771,565
1,783,958
1,079,324
615,879
421,987
326,437
304,009
271,373
119,379
18,250

T=WEB?~
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(73%)
(13%)
(65.5%)

(3.5%)
(1.6%)
(1%)
(0.79%)
(0.40%)
0.31%)
(0.29%)
(0.26%)
0.11%)
(0.02%)



TUTORIAL: Assessing Research Impact by Leveraging Open Scholarly Knowledge Graphs O H"*WEB §
CONFERENCE

Crossref

In 1999, publishers agree to use

@ Journal 77,738,314 (73%)

Digital Object Identifiers (DOls) to G il e
. . . & proceedings

Ilnk thelr art|C|eS & Copmponentg 3,771,565 (3.5%)

Total registere d ¢ Dataset 1,783,963 (1.6%)

. content @ Reference book 1,079,324 (1%)

Crossref was born as a not-for-profit ® Fopor o15870  (070%

. e . . 106,012,923 Monograph 421,987 (0.40%)

association having publishers as ® oo soas 031%

members, and allowing them to § Dt gmam )

reg|ster their DOls. ® Preprints 119,379 0.11%)

@ Peerreview 18,250 (0.02%)

Reference setting
per DOI prefix What this means for reference distribution

Closed These references are only used for the Crossref
Cited-by service (members-to-members) and are not
distributed via any of the public interfaces or APIs.

Limited In addition, organizations that sign an agreement for
Crossref’s Metadata “Plus” subscription-based service
can access these references. (This is the default for
older membership accounts pre-2017.)

Open Everyone can access these references through our open T40C
APIs. (This is the default for accounts joining from 2018.)




TUTORIAL: Assessing Research Impact by Leveraging Open Scholarly Knowledge Graphs G T.HEWEB§
CONFERENCE

Dimensions

Dimensions from Digital Science collects rich metadata using Crossref

as the backbone
e Offers a free-tier for accessing their data for scientific purposes

980k links

328k links

111m
Altmetric
data
points

14m links
18m to funders

Status: September 2019

https://doi.org/10.1162/qss_a_00020
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Open Scholarly Knowledge Graphs
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Use Linked Open Data technologies to provide access to scholarly

metadata

OpenCitations publishes
the Index of Crossref Open
DOI-to-DOI Citations
(COCI)

oa:

xsd:date or xsd:gYearMonth or xsd:gYear

/ xsd:duration (

cito:hasCitationTimeSpan prism:publicationDate
cito:hasCitationCreationDate

frbr:partOf

dcterms:title
fabio:hasSubtitle
fabio:hasSequenceldentifier
prism:edition

cito:hasCiti biro:references

cito:Citation

_ ¢

c4o:hasContent

oco:ha i oco:

cito:hasCi

cito:cites f

frbr:embodiment

frbr:part

cito:hasCitationCharacterisation

v

v
owl:ObjectProperty that
rdfs:isDefinedBy value <http://purl.org/spar/cito>

oco:hasNext

[ fabio:Manifestation + frbr-part

pro:isDocumentContextFor
frbriexemplar  prism:startingPage

j c4o:InTextReferencePointer loco:hasNex(
v

c4o:hasContent

c4o:isContextOf

deo:DiscourseElement

datacite:ldentifierScheme

c4o:isContextOf datacite:usesldentifierScheme

prism:endingPage

;‘:

dcterms:title
pro:withRole c40:hasContent
literal:hasLiteralValue
foaf:name - £
pm:isHeIdBy—W foaf:givenName > dataci
foaf
oco:hasNext Prefixes
biro: http:/ /purl.org/spar/biro/
cdo: http://purl.org/spar/c4o/
cito: http:/ /purl.org/spar/cito/
co: http://purl.org/co/ ito:Citation or fabio:Expression or
datacite: http://purl.org/spar/datacite/ liographicReference or foaf:Agent or
dcterms: http://purl.org/dc/terms/ or oa: ion or
doco: http:/ /purl.org/spar/doco/ fabio:Manifestation or c4o:InTextReferencePointer or
fabio: http:/ /purl.org/spar/fabio/ c4o:SingleLocationPointerList or pro:RoleinTime
foaf: http:/ /xmlns.com/foaf/0.1/
frbr: http://purl.org/vocab/frbr/core#
literal: http:/ /www. it/2010/06/li ation/
oa: http:/ /www.w3.org/ns /oa#
oco: https://w3id.org/oc/ontology/
prism: http://prismstandard.org/namespaces /basic/2.0/
pro: http:/ /purl.org/spar/pro/
owl: http:/ /www.w3.0rg/2002/07 [owl#
rdfs: http:/ /www.w3.0rg/2000/01 /rdf-schema#
xsd: http:/ /www.w3.0rg/2001/XMLSchema#

https://opencitations.net/model



TUTORIAL: Assessing Research Impact by Leveraging Open Scholarly Knowledge Graphs EWEBg
CONFERENCE

Microsoft Academic Graph
The data powering Microsoft Academic Services

740,235 fields of study/concepts*

>1 billion citations

papers/patents/books/preprints...

242 million authors* &
.

1800 1810 1820 1830 1840 1850 1860 1870 1880 1890 1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010

48,871 journals*

4,468 conferences* > 238 million*

’ Journal }c— | Data Feeds I Webpages

Conference ‘
. J
uses AI/M L teChnOlogleS ’ Affiliation Conflation }_ | Publication Conflation Basic Graph
to parse Web content i
’ Fields-of-Study (FoS) }.7 ’ Author Conflation | ‘ Citation Generatlon ‘
I
l
| FoS Hierarchy }'—I Paper / Fields-of-Study Tagging | NLP Package
Microsoft Academic, Alvin Chen, Chieh-Han Wu - —
—_— >| Recommendations/ Related Entities | Advanced
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Microsoft Academic Graph

Is now retired

Microsoft Academic / Blog

Next Steps for Microsoft Academic -
Expanding into New Horizons

May 4 2021 e Microsoft Academic Graph/Microsoft Academic Knowledge Exploration Service: No longer providing
updated data or access to old releases after Dec. 31, 2021; however, existing copies can still be used
under license.

But alternatives are emerging

|OpenA|ex

An open and comprehensive catalog of scholarly
papers, authors, institutions, and more.

Inspired by the ancient Library of Alexandria, OpenAlex is an index of hundreds of millions of interconnected entities across the global research
system. We're 100% free and open source, and offer access via a web interface, API, and database snapshot.
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How Good is the Data”

Metadata providers have different focus, sources, tools, and may differ
greatly in coverage and quality

Scopus: 27.0M Scopus: 27.0M Scopus: 27.0M Scopus: 27.0M
CWTS WoS: 22.9M Dimensions: 36.1M Crossref: 35.1M Microsoft Academic: 73.3M
Overlap: 17.7M Overlap: 21.3M Overlap: 20.7M Overlap: 22.0M

https://doi.org/10.1162/qss_a_00112
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How do you Assess Impact?

Even if the metadata is
of sufficient quality,
there are biases and
pitfalls to consider
when assessing impact

; Tackling these

infrastructural and [ X X J
institutional implications - "Objective” comparisons are
of common biases can not necessarily equitable
help promote and support Qualities that can be measured or ranked are
more equitable tempting because they feel less subjective,
Y ) practices: but can feed a false sense of precision.
Incumbent processes and What can institutions do?

perceptions have the advantage

Balance the use of quantitative metrics with

Many institutions have deep legacy
traditions that become normalized over
time, but these organizational habits can
also keep new ideas and people out.

What can institutions do?

© Make the benefits of new behaviors
concrete, salient, and easy to grasp
Recognize where old assumptions
may overly reward those who are
more traditionally successful, at the
expense of new or more diverse talent

Set, publicize, and adhere to measurable
goals that look beyond traditional norms
of success when reviewing potential
candidates to broaden the pool of
individuals under consideration

We gauge value by association

Highly rated or prominent institutions and
journals (and those associated with them)
often get the benefit of the doubt based on
familiarity or reputation rather than reality.
What can institutions do?

Use structured interview protocols to keep
decision-makers focused on agreed-upon
qualities, rather than on reputation

Explicitly articulate and consider long-term
and qualitative values, as well as short-term
or easily quantifiable needs

Have applicants highlight and articulate their
most meaningful contributions to reduce
reviewer reliance on journal names or
quantifiable characteristics of productivity

qualitative inputs, like narrative CVs, that
capture more intangible qualities

Select standards based on a wide set of
inputs rather than a narrow or anecdotal set

Recognize where setting specific, quantifiable
goals may be reinforcing some behaviors at

Status campbe”'s the expense of others
quo bias law

Anchoring

Availability

e
Individual data points can
accidentally distract from the whole

It's hard to weigh all information equally,
which can give initial or “shiny” data points
and p | ref e points an advantag
What can institutions do?

o Assemble diverse teams—across gender,
iority, cultures, and under d
minoritized populations—to bring a range of

perspectives and experiences into decisions
Look outside your institution or discipline

to broaden a sense of “normal”

Put reputation-based indicators like

: education at the end of applicant materials

to reduce preconceived notions

https://sfdora.org/resource/rethinking-research-assessment-unintended-cognitive-and-systems-biases/
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Pitfall #1: Scientific impact has various aspects

e Itis an oversimplification to rely

. experienced currently popular

only on one impact measure, L : :
: : researcher revisiting articles having a hype
like most academic search .

: the field
engines.

O There are many diverse aspects of e 0
scientific impact, each most
appropriate in different scenarios. OO

e Also there is scientific merit, not °, 9nf
only impact... -—- il
O Merit/quality is not completely

correlated with impact
student making foundational

a survey articles

Flame icon <div>Icons made by Vectors Market from www.flaticon.com. Rest icons made by

Eroonil fram wwnanas flabrcrAan rAam
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Pitfall #2: Goodhart's/Campell’s law

- B
GOODHARTS LD\

WHEN A MEASURE BECOMES N TRRGET,
\T CENSES To BE A GOOD MEASURE.

e Scientific impact should not be
examined through a limited set

of measures. .
e e . . |F YOu NUMBER OF WEGHT OF
O Any individual impact measure has MEASVRE.  NAILS MBOE- NAILS MADE
limitations. PEOPLE ON..
O More measures capture a wider P 10005 OF ey
range of impact aspects. MiGRTGET  TINY N&ILS HEANY NALS

O Goodhart’s law/Campell’s law:
individual measures are vulnerable to
attacks & become targets (more
measures!increased difficulty for
attacks)

https://sketchplanations.com/goodharts-law
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Pitfall #3: No proper interpretation

e There is a multitude of impact
measures.

e In most cases only the measures
are provided without the proper
interpretations, best practices,
etc.

e The landscape is confusing and
often the measures are not
properly used.

S

TWEBZ

CONFERENCE X

OUR NEW
DASHBOARD
HAS ALL OF

Ker’s We CAN
TRACK NOW.

THE DIEFERENT |

WHAT’S
THAT KPI
TRENDING
10 ZERO?

l
i

TOoM
FISH
BURNE

ITMEASURES
HOW WELL WE
UNDERSTAND
THEM ALL.

B E

® marketoonist.com

https://marketoonist.com/2019/11/kpi-overload.html
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Part B: Approaches for
Estimating the Impact of Papers

llias Kanellos (ATHENA RC, Greece)
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Background

Wide availability of SKGs

e Large number of scientific papers -
publish or perish
e Large number of paper impact

assessment methods in literature
o Many share similar concepts and
ideas
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Background

Wide availability of SKGs

e Large number of scientific papers -
publish or perish
e Large number of paper impact

assessment methods in literature
o Many share similar concepts and
ideas

Different methods evaluated based on

e Different goals
e Different datasets
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Background

Wide availability of SKGs

e Large number of scientific papers -
publish or perish
e Large number of paper impact

assessment methods in literature
o Many share similar concepts and
ideas

Different methods evaluated based on

e Different goals
e Different datasets

Unclear which method to choose and
under which circumstances
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How to Assess Impact?

Plethora of Methods in Literature L Pa ge\\an\‘
Line
e At least 32 distinct methods as Non
of 2019 SPR
SCEA® | pageRan®
Focus

‘@cigﬁifd Citatio®
e
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How to Assess Impact?

Plethora of Methods in Literature

e At least 32 distinct methods as
of 2019

Non—\iﬂ“‘at E

SGCEAS
Focuse
PrcS‘\gCRa%.‘t aﬁof\
weighted

a%eRank

4 PageRan®
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How to Assess Impact?

Plethora of Methods in Literature oRank
Linear P28
e At least 32 distinct methods as N‘?a
of 2019 %CE Sk
Reta; K »Cu‘*d L~
etain 5 igeRan®™
Tim(‘d Ie')d Ad]acen('y M R D]t(cs‘\‘g“e d Cltahon
Effectjy e Rank - I:C €Rany
€ Co . u
II\V[%I]I( Magion Mag, MRt ReRank
‘ P.p_ 9Nk
EWPR CightedpR Ye tRRa,, X
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How to Assess Impact?

Plethora of Methods in Literature Pa oRank
a-Linedr ®
e At least 32 distinct methods as NX(’)R
of 2019 Ss(: S e
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How to Assess Impact?

Plethora of Methods in Literature oRank
a-Linedr Eas
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How to Assess Impact?

Plethora of Methods in Literature = Pagekank
Line
e At least 32 distinct methods as N‘()’a
of 2019 S NS "
gCEA Pag’c{{zm
Retaj Y‘Ocus.cikank
Tim \dned Adj acency M SA R nfcsu‘g‘te d Cimhon
Eff C : PagQRank atr ClteRank
€clive Futu, anj

N’i’(_“;ﬁfnk Ontagi Citation Wakcob‘ ;
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How to Assess Impact?

Plethora of Methods in Literature

e At least 32 distinct methods as
of 2019

Problem dependent

e No clear definition of impact’
o Defined in many different ways

1. Bollen J, Van de Sompel H, Hagberg A, Chute R. A principal component analysis of 39 scientific impact measures. PloS one. 2009 Jun 29;4(6):e6022.
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How to Assess Impact?

Plethora of Methods in Literature S Alchuloml 160 s
1400 T S'F Alfschuletal 1997 =t

e At least 32 distinct methods as
of 2019

Problem dependent

Citations

e No clear definition of impact’
o Defined in many different ways 600

e At least two impact aspects

_ 400
o Influence - long term impact
o Popularity - short term impact 200 +
0 1 1 1
1990 1992 1994 1996 1998 2000

Year

1. Bollen J, Van de Sompel H, Hagberg A, Chute R. A principal component analysis of 39 scientific impact measures. PloS one. 2009 Jun 29;4(6):e6022.
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Impact Assessment expressed
as Ranking Problem
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Ranking in Citation Networks

Impact Assessment expressed
as Ranking Problem

e Impact assessed
comparatively based on
score (e.g., Citation Count)
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Ranking in Citation Networks

Impact Assessment expressed
as Ranking Problem

e Impact assessed
comparatively based on
score (e.g., Citation Count)

e Other network centrality
measures can be impact
proxies

e Much literature analyzes
citation networks in different t
ways to assess paper impact
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Citation Networks
Basic Concepts

Citation Network is a Graph with

e Papers as Nodes
e References as edges

References point backwards in time

No cycles expected
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Citation Networks
Basic Concepts

Citation Network is a Graph with A B C D E
e Papers as Nodes 0O 0 0 0 O
e References as edges 1 0 0 0 0

Paper Idenoted by p; A=1 0 0 1 O

Citations Represented b 100 00

i ' 01110

Citation Matrix A
A: Ali,jl=1iff p;= p;
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Citation Networks
Basic Concepts

Citation Network is a Graph with A B C D E
Papers as Nodes 0 0 0 0 1/5
° 1/3 o0 0 0 1/5
o Ref d
e.erences as edges S = 1/3 0 0 1/2 1/5
PaperIdenoted by p; 1/3 o O 0 1/5
Citations Represented by 0 1 1 1/2 1/5

Citation Matrix A
o A: Alijl=1 iff p;= p;

Stochastic Matrix S*

eS: S[i,j] =% iff p;= p;, p; cites k papers

*Sub-stochastic based on formula. Add 1/N for dangling nodes
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Common Centralities |
Citation Counts

_ A B C D E
Network cgntrallty measures ~ 0O 0 0 0 O
Impact proxies 1 0 0 0 O
A=1 0 0 1 O
1 0 0 0 O
De facto traditional measure of 0 1.1 1 0
Scientific Impact 1
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Common Centralities |
Citation Counts

Network centrality measures ~
impact proxies

De facto traditional measure of
Scientific Impact

In terms of Citation Matrix A,
citation count for paper P; given
as sum over all j for row j

O HEWEB %
CONFERENCE X

A B C D E
0 00 0O
1.0 0 0 O
1 0 01 0
1 0 0 0 O
01110
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Common Centralities 11
PageRank

“A high impact paper is cited by
other high impact papers”

e Distinguish citing papers by their [ ] '/“
impact
2
=3

PageRank
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Common Centralities Il

PageRank

“A high impact paper is cited by A B C D E
other high impact papers” 0O o o0 o0 1/5
e . 1/3 0 0 0 1/5

e Distinguish citing papers by their

impact s=1/3 o 0 1/2 1/5
1/3 o 0 0 1/5
o 1 1 1/2 3/5

PR(p;) =a st[i,f]PR(pj) +(1- a)%

I
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Common Centralities Il

PageRank
“A high impact paper is cited by A B C D E
other high impact papers” 0 o o0 o0 1/5
o . 1/3 0 0 o0 1/5
e Distinguish citing papers by their /
impact S =[1/3 0 0 1/2 1/5}
1/3 o 0 0 1/5
o 1 1 1/2 1/5
PR(C) = 2 PRéA) N PRéD) N PRS(E) +(1_a)%

I
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Common Centralities 11
PageRank

This is
interesting.
Next | will

“A high impact paper is cited by
other high impact papers”

e Distinguish citing papers by their
impact

e “Random surfer’ (researcher)
model

PR(p;) =a st[i,f]PR(pj) +(1- a)%



TUTORIAL: Assessing Research Impact by Leveraging Open Scholarly Knowledge Graphs O T.HEWEB§
CONFERENCE

Common Centralities 11
PageRank

“A high impact paper is cited by
other high impact papers”

Some Paper
in the

reference list
e Distinguish citing papers by their

impact
e “Random surfer’ (researcher)
model

i)~ R -
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Common Centralities 11
PageRank

“A high impact paper is cited by
other high impact papers” Any paper
e Distinguish citing papers by their

impact %

e “Random surfer’ (researcher)
model

PR(p,)=a st[i, JjIPR(p)) +-




TUTORIAL: Assessing Research Impact by Leveraging Open Scholarly Knowledge Graphs @ T.HEWEBé
CONFERENCE

Common Centralities 11
PageRank

“A high impact paper is cited by
other high impact papers”

e Distinguish citing papers by their
impact

e “Random surfer’ (researcher)
model

PR(p;) =a st[i,j]PR(pj) +(1- a)%

e Early applications on citation
networks by Chen et al' & Ma et al?

Chen P, Xie H, Maslov S, Redner S. Finding scientific gems with Google’s PageRank algorithm. Journal of Informetrics.
2007 Jan 1;1(1):8-15.

Ma N, Guan J, Zhao Y. Bringing PageRank to the citation analysis. Information Processing & Management. 2008 Mar
1,44(2):800-10.
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Goals and Approaches

Problems Approaches
e Citation Count “too democratic” - e Balance citations
no differentiation of origin e Network analyses (e.g.,
PageRank)

e Weights (e.g., on venues,
authors, etc)
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Impact Assessment
Goals and Approaches

Problems Approaches
e Citation Count “too democratic” - e Balance citations
no differentiation of origin e Network analyses (e.g.,
PageRank)

e Weights (e.g., on venues,
authors, etc)

e Older papers have citation e Time-awareness
headstart / top-ranked papers Exponential decay functions
skewed in favor of old ones e Re-scaling / normalizations
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Impact Assessment
Goals and Approaches

Problems Approaches
e Citation Count “too democratic” - e Balance citations
no differentiation of origin e Network analyses (e.g.,
PageRank)

e Weights (e.g., on venues,
authors, etc)

e Older papers have citation e Time-awareness
headstart / top-ranked papers e Exponential decay functions
skewed in favor of old ones e Re-scaling / normalizations
e Avoid “malicious manipulations” e Neglect self citations
and/or “noise” e Consider citing-cited paper

similarities



TUTORIAL: Assessing Research Impact by Leveraging Open Scholarly Knowledge Graphs @ LHEWEBé
CONFERENCE

Impact Assessment
Goals and Approaches

Problems Approaches

e Balance citations

e Network analyses (e.g.,
PageRank)

e Weights (e.g., on venues,
authors, etc)

e Citation Count “too democratic” -
no differentiation of origin

e Older papers have citation e Time-awareness
headstart / top-ranked papers Exponential decay functions
skewed in favor of old ones e Re-scaling / normalizations

e Avoid “malicious manipulatiAn d e Neglect self citations
and/or “noise” e Consider citing-cited paper

othergmiariis
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Classification of Methods in Literature’

TWEBZ

CONFERENCE X

Method

Basic PR variants

Time Aware

Network Matrix

Landing Probability

Metadata

Venue

Author

Multiple Networks  Ensemble

Other

Non-Linear PageRank
SPR

SCEAS

Focused PageRank
PrestigeRank
Weighted Citation
Retained Adjacency Matrix
Timed PageRank
Effective Contagion Matrix
NewRank
NTUWeightedPR
EWPR

SARank

CiteRank

FutureRank

MR-Rank

P-Rank

YetRank

Wang et al.

COIRank.

PopRank

MutualRank

Tri-Rank
NTUTriPartite
NTUEnsemble
bletchleypark

ALEF

S-RCR

Citation Wake
Age-Rescaled PR

Age- & Field- Rescaled PR
Bai et al.

RN BN

NN N N N NN

2

ANEN

B<l B«

ANENEN

N EN- EN BN BN

B <B

\

<8 8 8§ S8

N NENENEN

KN EN- EN- B BN

SNEN

SCNENEN

N BN EX

1. Kanellos I, Vergoulis T, Sacharidis D, Dalamagas T, Vassiliou Y. Impact-based ranking of scientific publications: a survey and experimental
evaluation. IEEE Transactions on Knowledge and Data Engineering. 2019 Sep 13;33(4):1567-84.
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Classification |
Data leveraged

Citations only
e Citation Count, PageRank

Paper Metadata

e Publication Venues and/or Author Information
o Others options (e..g, institution-based info)

Publication time-based metadata (weights)

e Paper age
o When was a paper published
e Citation age
o When was a paper cited
e Citation gap
o How much time passed when a paper was cited since its publication
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Classification Il
Computational Model

Citation Count

PageRank

Heterogeneous Networks

Ensemble Methods
Other Approaches
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Classification Il
Computational Model

Citation Count 1*w
e Use only (direct) citations 1* W+
e Or apply weights on citations (e.g., —
based on publication venues, based 1*W+ E’
on authors, etc)
1*W

PageRank
Heterogeneous Networks

*
Ensemble Methods 1*w

Other Approaches
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Classification Il
Computational Model

Citation Count 1*w

e Use only (direct) citations 1* W+
e Or apply weights on citations (e.g., —

based on publication venues, based 1*w+ E’
on authors, etc)
1*W

e E.g., citations from A have weight w

PageRank
Heterogeneous Networks

*
Ensemble Methods 1w

Other Approaches
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Citation Count-based Approaches
Example Methods

Weighted Citation'
J Aly

e \Weigh citations based on journal |A j B
prestige

o Weights by Article Influence Score,

function of Eigenfactor EF A
o EF: Eigenfactor of A’s Journal is PR- AIA = 0.01 _]
like score on journal networks a JA

o a: fraction of articles in J over a time
year window

1. Yan E, Ding Y. Weighted citation: An indicator of an article's prestige. Journal of the American Society for Information Science and
Technology. 2010 Aug;61(8):1635-43.
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Citation Count-based Approaches
Example Methods

Weighted Citation? — —
g AIA x e 0.117(tA tB)
e \Weigh citations based on journal A B
prestige E E

e \Weigh citations based on
“quickness” (citation gap)
o “Quick citations” considered to
convey

400 T

300 -
m Important breakthroughs é
m Authority authors =
o f(x)~e-0.117x T 200+
m Based on empirical citation 2 [
data é

100 T

0 10 20 30 40
Past years

1. Yan E, Ding Y. Weighted citation: An indicator of an article's prestige. Journal of the American Society for Information Science and
Technology. 2010 Aug;61(8):1635-43.
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Citation Count-based Approaches
Example Methods

Weighted Citation’ tB

e \Weigh citations based on journal
prestige tE

e \Weigh citations based on
“quickness” (citation gap) E

Example

e Due to nature of citation network
ty > tc, tp > to

e Longer citation gaps decrease
weight

WeightedCitation(C) = Al, x e~ %117a=tc) 4 Al x ¢=0-117(tp=tc)

1. Yan E, Ding Y. Weighted citation: An indicator of an article's prestige. Journal of the American Society for Information Science and
Technology. 2010 Aug;61(8):1635-43.
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Citation Count-based Approaches
Example Methods

RAM! O 0 0 0 O
e Recent citations more important A= 10 O 0 O
e Adj. Matrix => Retained Adjacency =1 0 0 1 0

Matrix (RAM) 1 0 0 0 O
® R[l']] — VtN_tj;)’ E [0,1] O 1 1 1 O

e N = current year

1. Ghosh R, Kuo TT, Hsu CN, Lin SD, Lerman K. Time-aware ranking in dynamic citation networks. In2011 ieee 11th international conference on data mining
workshops 2011 Dec 11 (pp. 373-380). IEEE.
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Citation Count-based Approaches
Example Methods

e N = current year

RAM! O 0 0 0 O
e Recent citations more important A= 1 O O O O
e Adj. Matrix => Retained Adjacency =1 0 0 1 0

Matrix (RAM) 1 0 0 0 O
® R[l'.]] — YtN_tj;Y E [0,1] O 1 1 1 O

0 0 0 0 0
ywvTta o 0 0 o
R=ywt 0 0 y™™ g
ytN-tA 0 0 0 0
0 ytN—tB ytN-tc ytN-tD 0

RAM(C) = y'N™ A4 yNT0

1. Ghosh R, Kuo TT, Hsu CN, Lin SD, Lerman K. Time-aware ranking in dynamic citation networks. In2011 ieee 11th international conference on data mining
workshops 2011 Dec 11 (pp. 373-380). IEEE.
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Citation Count-based Approaches
Example Methods (Maybe lose this slide)

ECM!1
e Expand RAM to calculate chains of
citations

e Attenuate with length
N-1 | E

ECM[i,j] = z a‘'R',a € [0,1]

i=1

Ghosh R, Kuo TT, Hsu CN, Lin SD, Lerman K. Time-aware ranking in dynamic citation networks. In2011 ieee 11th international conference on data mining
workshops 2011 Dec 11 (pp. 373-380). IEEE.

1.
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Citation Count-based Approaches
Example Methods (Maybe lose this slide)

ECM!1
e Expand RAM to calculate chains of
citations

e Attenuate with length
N-1 | E

o ECMIi,jl= z a‘'R',a € [0,1]
=1

Example

s~ D +

Ghosh R, Kuo TT, Hsu CN, Lin SD, Lerman K. Time-aware ranking in dynamic citation networks. In2011 ieee 11th international conference on data mining
workshops 2011 Dec 11 (pp. 373-380). IEEE.

1.
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Citation Count-based Approaches
Example Methods (Maybe lose this slide)

ECM!
e Expand RAM to calculate chains of
citations
e Attenuate with length
N-1
o ECMIi,jl= z a‘'R',a € [0,1]
i=1
Example

e Two-hop paths

) -GG ey

Ghosh R, Kuo TT, Hsu CN, Lin SD, Lerman K. Time-aware ranking in dynamic citation networks. In2011 ieee 11th international conference on data mining
workshops 2011 Dec 11 (pp. 373-380). IEEE.

1.
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Classification Il
Computational Model

Next | will read...

Citation Count papers | prefer

PageRank

e Modify random surfer model

(o) - g D

Heterogeneous Networks
Ensemble Methods

Other Approaches
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PageRank

Semantics

PageRank simulates “random researcher”

e \When reading a particular paper p;
choose
o  With probability a another paper in its
reference list
o  With probability 1-a any paper in the
citation network
e Next paper p;depends only on paper Pj

This behaviour can be modeled by a Finite
State Discrete Markov Chain

e Transition matrix G =aS+——=]
J: matrix of all 1s

e PageRank scores are values of stationary
distribution of G

e Calculate using power iteration
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PageRank

Convergence

PageRank vector results from application of power method on G matrix
Convergence guaranteed by Perron-Frobenius Theorem’ when

e Matrix is stochastic (valid by definition for G)

e Matrix is irreducible
o Guaranteed when all states can transition to all other states (all papers “cite” all

other papers)
o Guaranteed for G, because all cells > 0, least value (1-a)/N

e Matrix is aperiodic
o Guaranteed by self-loops (i.e., non zero diagonal entries of matrix G)
o Guaranteed by PageRank’s random jump vector

1. Langville AN, Meyer CD. Google's PageRank and beyond. Princeton university press; 2011 Jul 1.
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PageRank

Convergence Consequences

Define any matrix S’ which is

e Stochastic
e Instead of 1/k, use different weights, as long as matrix stays column-

stochastic
Add custom-jump vector (vanilla PageRank is uniform)

e Ensure non-zero values in all cells
o Choose vector w/ positive values on all dimensions
o Normalize it

Above interventions easily translate to particular “* researcher” behaviour

Any quantity can be normalized and applied in to Stochastic Matrix
and/or Random jump vector



TUTORIAL: Assessing Research Impact by Leveraging Open Scholarly Knowledge Graphs O LHEWEB§
CONFERENCE

PageRank

Adjustments to G matrix A B C D E

0
Focused PageRank! 1(/) 4 8 g g 1/7
e Balance PR and CC S = [274 o O 2/5 2/7]
e Researcher prefers most cited 1/4 0 0 0 1/7

among papers in reference list
e Replace 1/kin S with o 1 1 3/5 3/7
Ccp))
Zi,j»iCC(pi)

Example

2 2 2 1—a
FPR(C)=a [ZFPR(A) +§FPR(D) +;FPR(E)] +T

1. Krapivin M, Marchese M. Focused page rank in scientific papers ranking. Ininternational Conference on Asian Digital Libraries 2008 Dec 2 (pp. 144-153).
Springer, Berlin, Heidelberg.
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PageRank

Adjustments to G matrix

0 0 o 0 1/5
Similarity Preferential PageRank 0 0 o 0 1/5
_ 0 0 :
e Avoid malicious manipulations S = . 0 o (1/v2) /2 :‘1/51
e Researcher prefers similar papers (1/\/§)V/3 0 0 0 175
e Replace 1/kin S with 0 0o O 0 1/5
PP CLIT0]

Jkik;

1(i) is set of papers cited by pi *

e Similar papers cite similar sets of

papers
[E}

Example (no common cited papers
among C & A)

SPR(C) = a|—SPR(D) + lSPR(E)] + =4

1. Zhou J, Zeng A, Fan Y, Di Z. Ranking scientific publications with similarity-preferential mechanism. Scientometrics. 2016 Feb;106(2):805-16.
* Convergence is shown experimentally - not by Perron - Frobenius theorem
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PageRank

Time Aware Approach

CiteRank!

e Assumption: researchers start

browsing from recent works
o Then follow citations

e Modify random jutmp vector

1

_ Tar
pPi=¢€
e CiteRank defined as
CR=15+(1-a)SB +(1—a)2>S2p+...+

e If 7 normalized, rewrite? as
CR(p)) =asz[i,j]CR(pj) +(1-a)p,

I'd startreading
from...

Walker D, Xie H, Yan KK, Maslov S. Ranking scientific publications using a model of network traffic. Journal of Statistical Mechanics: Theory and Experiment.

2007 Jun 14;2007(06):P06010.

Mariani MS, Medo M, Zhang YC. Identification of milestone papers through time-balanced network centrality. Journal of Informetrics. 2016 Nov 1;10(4):1207-23.
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PageRank

Time Aware Approach

CiteRank!

e Assumption: researchers start

browsing from recent works
o Then follow citations

e Modify random jutmp vector

1

Tair
pij=é€
e CiteRank defined as

CR=15+(1-a)SB +(1—a)2>S2p+...+

I'd startreading
from here rather

e If 7 normalized, rewrite? as than

CR(p)) =asz[i,j]CR(pj) +-

Walker D, Xie H, Yan KK, Maslov S. Ranking scientific publications using a model of network traffic. Journal of Statistical Mechanics: Theory and Experiment.
2007 Jun 14;2007(06):P06010.
Mariani MS, Medo M, Zhang YC. Identification of milestone papers through time-balanced network centrality. Journal of Informetrics. 2016 Nov 1;10(4):1207-23.
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Engineering PageRank

Our time-aware approach

AttRank!

This is
interesting.

Next | will
read....

e Aim: current research trends
e Apply preferential attachment
o Rich getricher
e Intuition: use only y-most recent
years
CC/(p)) b€’ {Pi)

2..CC(p)) ' > e PP

AR(p) = a2 S[i.jJAR(p)) + B

e a+B+y=1, B &y normalized
o Guarantees convergence
e Researcher starts reading recently

published, or recently cited papers.

1. Kanellos |, Vergoulis T, Sacharidis D, Dalamagas T, Vassiliou Y. Ranking papers by their short-term scientific impact. In2021 IEEE 37th International
Conference on Data Engineering (ICDE) 2021 Apr 19 (pp. 1997-2002). IEEE.
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Engineering PageRank

Our time-aware approach

AttRank!

Papers in
the reference
list

e Aim: current research trends
e Apply preferential attachment
o Rich getricher
e Intuition: use only y-most recent
years

CCxp) e P t(p;)
AR(p) = ¥
(P) - > .cCp) YZie"”(”f)

e a+B+y=1, B & y normalized
o Guarantees convergence
e Researcher starts reading recently

published, or recently cited papers.

1. Kanellos |, Vergoulis T, Sacharidis D, Dalamagas T, Vassiliou Y. Ranking papers by their short-term scientific impact. In2021 IEEE 37th International
Conference on Data Engineering (ICDE) 2021 Apr 19 (pp. 1997-2002). IEEE.
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Engineering PageRank

Our time-aware approach

AttRank!

Recently
Cited Works

e Aim: current research trends
e Apply preferential attachment
o Rich getricher
e Intuition: use only y-most recent
years

. —e_p t(pi)
AR(p)) = a 2. SLijIAR(p)) +- +y > o P )

e a+B+y=1, B & y normalized
o Guarantees convergence
e Researcher starts reading recently

published, or recently cited papers.

1. Kanellos |, Vergoulis T, Sacharidis D, Dalamagas T, Vassiliou Y. Ranking papers by their short-term scientific impact. In2021 IEEE 37th International
Conference on Data Engineering (ICDE) 2021 Apr 19 (pp. 1997-2002). IEEE.
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Engineering PageRank

Our time-aware approach

AttRank’
Recently

published
works

e Aim: current research trends
e Apply preferential attachment
o Rich getricher
e Intuition: use only y-most recent
years

CC/(p))

— 4
Fecir” (B

e a+B+y=1, B & y normalized
o Guarantees convergence
e Researcher starts reading recently

published, or recently cited papers.

AR(p) = a2 S[i.jJAR(p)) + B

1. Kanellos |, Vergoulis T, Sacharidis D, Dalamagas T, Vassiliou Y. Ranking papers by their short-term scientific impact. In2021 IEEE 37th International
Conference on Data Engineering (ICDE) 2021 Apr 19 (pp. 1997-2002). IEEE.
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Classification Il
Computational Model

Citation Count

PageRank

Heterogeneous Networks

e Nodes represent different types of
entities

e Edges represent relations (e.g.,
paper published in venue)

e Some methods inspired by HITS
apply mutual reinforcement

e Can provide rankings of different
entities (e.g., authors and papers)

Ensemble Methods

Other Approaches
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Heterogeneous Networks
Applications

P-Rank!

e Differentiate citations based on
citing papers, journals, authors

e Defines inter- and intra-graph walks
on heterogeneous network

e Author scores based on their
papers

e Venue scores based on their papers

e “Random” Jump Vector based on
above, run PageRank iteration

1. Yan E, Ding Y, Sugimoto CR. P-Rank: An indicator measuring prestige in heterogeneous scholarly networks. Journal of the american society for
information science and technology. 2011 Mar;62(3):467-77.
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Heterogeneous Networks

Applications
- 1 _
P-Rank Py, = Pp+ P, 1 2
e Differentiate citations based on Pp2 = Pg+ Pc + Py 3 3 8
citing papers, journals, authors Py3 =Pp+ Pp

e Defines inter- and intra-graph walks
on heterogeneous network

e Author scores based on their
papers

e Venue scores based on their papers

e “Random” Jump Vector based on
above, run PageRank iteration

1. Yan E, Ding Y, Sugimoto CR. P-Rank: An indicator measuring prestige in heterogeneous scholarly networks. Journal of the american society for
information science and technology. 2011 Mar;62(3):467-77.
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Heterogeneous Networks
Applications

P-Rank! Al A2 A3
PV1=PE+PC+PD

PV2=PA+PB

e Differentiate citations based on
citing papers, journals, authors

e Defines inter- and intra-graph walks
on heterogeneous network

e Author scores based on their
papers

e Venue scores based on their papers

e “Random” Jump Vector based on
above, run PageRank iteration

RN AN
Vi V,

1. Yan E, Ding Y, Sugimoto CR. P-Rank: An indicator measuring prestige in heterogeneous scholarly networks. Journal of the american society for
information science and technology. 2011 Mar;62(3):467-77.
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Heterogeneous Networks
Applications

P-Rank!

e Differentiate citations based on
citing papers, journals, authors

e Defines inter- and intra-graph walks
on heterogeneous network

e Author scores based on their
papers

e Venue scores based on their papers

e “Random” Jump Vector based on
above, run PageRank iteration

pP.. .
P(pi) = azjs[i,j]P(Pj) +(1- a)[b ZA,‘— >Pi(N_A;\II-) + CZVi— >pi(:l_\\//’,.)i|

b+c=1

1. Yan E, Ding Y, Sugimoto CR. P-Rank: An indicator measuring prestige in heterogeneous scholarly networks. Journal of the american society for
information science and technology. 2011 Mar;62(3):467-77.
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Heterogeneous Networks
Applications

P-Rank!

e Differentiate citations based on
citing papers, journals, authors

e Defines inter- and intra-graph walks
on heterogeneous network

e Author scores based on their
papers

e Venue scores based on their papers

e “Random” Jump Vector based on
above, run PageRank iteration

e Repeat until convergence

PP P
P(C):a[P(A) L BD) | PCE) ]+(1—a)[b( Al A2J+c( 7
3 2 5 2 3 3

1. Yan E, Ding Y, Sugimoto CR. P-Rank: An indicator measuring prestige in heterogeneous scholarly networks. Journal of the american society for
information science and technology. 2011 Mar;62(3):467-77.
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Heterogeneous Networks

Applications
FutureRank! wz

06

e Goal: predict PR scores in future a5 1
graph g I
e Most citations made to papers °; [ = 1 1 I e = -
0 1 2 3 B 5 6 7 8 9

published 1-2 years prior
o Hence, recently published papers Past Years
are more important
o Use exponential weight for paper
age

Citation

10 11 12

1. Sayyadi H, Getoor L. Futurerank: Ranking scientific articles by predicting their future pagerank. InProceedings of the 2009 SIAM International Conference on Data
Mining 2009 Apr 30 (pp. 533-544). Society for Industrial and Applied Mathematics.
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Heterogeneous Networks
Applications

FutureRank!

e (Goal: predict PR scores in future
graph

e “Good research is done by good
researchers”

e Network of papers and authors -
mutual reinforcement between them

e M: authorship matrix, M[i,j]=1 iff
paper j written by author i, else 0

1. Sayyadi H, Getoor L. Futurerank: Ranking scientific articles by predicting their future pagerank. InProceedings of the 2009 SIAM International Conference on Data
Mining 2009 Apr 30 (pp. 533-544). Society for Industrial and Applied Mathematics.
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Heterogeneous Networks
Applications

FutureRank!

e (Goal: predict PR scores in future
graph

e “Good research is done by good
researchers”

e Repeat until convergence

FR(a;)= 2_;MIijIFR(p))

FR(p) =a; S[i.i]FR(p)

+ ,BZJ_M i PR a)

_,0( TC_ Tl)

+ ye

1. Sayyadi H, Getoor L. Futurerank: Ranking scientific articles by predicting their future pagerank. InProceedings of the 2009 SIAM International Conference on Data
Mining 2009 Apr 30 (pp. 533-544). Society for Industrial and Applied Mathematics.
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Heterogeneous Networks
Applications

FutureRank!

e (Goal: predict PR scores in future
graph

e “Good research is done by good
researchers”

e Repeat until convergence
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+ ,BZJ_M Mi.j]FRCa)
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1. Sayyadi H, Getoor L. Futurerank: Ranking scientific articles by predicting their future pagerank. InProceedings of the 2009 SIAM International Conference on Data
Mining 2009 Apr 30 (pp. 533-544). Society for Industrial and Applied Mathematics.
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Heterogeneous Networks
Applications

FutureRank!
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e “Good research is done by good
researchers”

e Repeat until convergence
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Applications
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Heterogeneous Networks
Applications

FutureRank!

e (Goal: predict PR scores in future
graph

e “Good research is done by good
researchers”

e Repeat until convergence

FR(a)= X MLijIFR(p))

FR(p) =a; S[i.i]FR(p)
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1. Sayyadi H, Getoor L. Futurerank: Ranking scientific articles by predicting their future pagerank. InProceedings of the 2009 SIAM International Conference on Data
Mining 2009 Apr 30 (pp. 533-544). Society for Industrial and Applied Mathematics.
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Classification Il
Computational Model

Citation Count CC.based | | Author- Venue-
Ranking basec_j basec_l
pageRank Ranking Ranking
Heterogeneous Networks A
./
Ensemble Methods
e Calculate any number of different PR-based W N (Other
scores based on the above Ranking J LRanking
e Combine them through some
operator
e Most methods in KDD’ cup 2016 Bl
Paper

Other Approaches Ranking
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Ensemble Methods
Applications

WSDM cup 2016 winner?

1.

Multiple bipartite graphs
Initialize: linear combination of
citations and references
Propagate paper scores
o Papers <= avg score of citing papers
o Authors <= avg score of their papers
o Venues <= avg score of their papers
Refine author scores

o Avg of previous step score based on
the venues they publish in

Apply voting strategy
o Avg of initial score and “dominant
group” avg
Repeat ~ 5 times

Feng MH, Chan K, Chen HY, Tsai MF, Yeh MY, Lin SD. An efficient solution to reinforce paper ranking using author/venue/citation information-the winner’s
solution for wsdm cup 2016. WSDM Cup. 2016.
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Ensemble Methods

Applications
a(inDeg/maxinDeg) + p(outDeg/MaxOutDeg)
WSDM cup 2016 winner? P; = T+ a
e Multiple bipartite graphs p.— a(2/3)+F(1/3)
¢ 1+«

e Initialize: linear combination of
citations and references
e Propagate paper scores
o Papers <= avg score of citing papers
o Authors <= avg score of their papers
o Venues <= avg score of their papers
e Refine author scores
o Avg of previous step score based on
the venues they publish in
e Apply voting strategy
o Avg of initial score and “dominant
group” avg
e Repeat ~ 5 times

1. Feng MH, Chan K, Chen HY, Tsai MF, Yeh MY, Lin SD. An efficient solution to reinforce paper ranking using author/venue/citation information-the winner’s
solution for wsdm cup 2016. WSDM Cup. 2016.
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Applications
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Ensemble Methods
Applications

WSDM cup 2016 winner?

1.

Multiple bipartite graphs
Initialize: linear combination of
citations and references
Propagate paper scores
o Papers <= avg score of citing papers
o Authors <= avg score of their papers
o Venues <= avg score of their papers
Refine author scores

o Avg of previous step score based on
the venues they publish in

Apply voting strategy
o Avg of initial score and “dominant
group” avg
Repeat ~ 5 times
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Ensemble Methods
Applications A, + (V1 +1,)/2

WSDM cup 2016 winner?

1.

!

2 2

Multiple bipartite graphs
Initialize: linear combination of
citations and references
Propagate paper scores
o Papers <= avg score of citing papers
o Authors <= avg score of their papers
o Venues <= avg score of their papers
Refine author scores
o Avg of previous step score based on
the venues they publish in
Apply voting strategy
o Avg of initial score and “dominant
group” avg
Repeat ~ 5 times

Feng MH, Chan K, Chen HY, Tsai MF, Yeh MY, Lin SD. An efficient solution to reinforce paper ranking using author/venue/citation information-the winner’s
solution for wsdm cup 2016. WSDM Cup. 2016.
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Enspr_nble Methods PC) =T /1
Applications PA(C) = (A14;)/2 P(C) + P4(C)

+ P

WSDM cup 2016 winner?

e Multiple bipartite graphs
e |Initialize: linear combination of
citations and references

e Propagate paper scores
o Papers <= avg score of citing papers
o Authors <= avg score of their papers
o Venues <= avg score of their papers

e Refine author scores

o Avg of previous step score based on
the venues they publish in

e Apply voting strategy

o Avg of initial score and “dominant
group” avg

e Repeat ~ 5 times

1. Feng MH, Chan K, Chen HY, Tsai MF, Yeh MY, Lin SD. An efficient solution to reinforce paper ranking using author/venue/citation information-the winner’s
solution for wsdm cup 2016. WSDM Cup. 2016.
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Classification Axis II: underlying computational model

Citation Count
PageRank
Heterogeneous Networks

Ensemble Methods

Other Approaches

e Approaches not fitting the above
o E.g., rescaling PageRank
scores
o using lengths of shortest
citation paths
o others




1.
2.
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Other Approaches

Example methods

Age-Rescaled PageRank’

e Goal: debias age distribution
of highly ranked papers
e Recalculate PageRank scores
based on other recently
published papers
R(p) = PR(p;) — i
Oj
e Use papersj€e|[i—Ap/2,i+ Ap/2]
to calculate avg and std dev
o R(pi) <0, underperforms
o R(pi) <0, overperforms
e Extension: field- & age-rescaled?

Mariani MS, Medo M, Zhang YC. Identification of milestone papers through time-balanced network centrality. Journal of Informetrics. 2016 Nov 1;10(4):1207-23.
Vaccario G, Medo M, Wider N, Mariani MS. Quantifying and suppressing ranking bias in a large citation network. Journal of informetrics. 2017 Aug 1;11(3):766-82.
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Other Approaches

Example methods

Age-Rescaled PageRank’

Goal: debias age distribution
of highly ranked papers
Recalculate PageRank scores
based on other recently
published papers
R(p) = PR(p;) — w
Oj

Use papers j € [i — Ap/2, i + Ap/2]
to calculate avg and std dev

o R(pi) <0, underperforms

o R(pi) > 0, overperforms
Extension: field- & age-rescaled?

CONFERENCE X

PR(C) + PR(B) + PR(D)
Hi = 3

3
PR(C) — p;

o j(PR(B) — #)? + (PR(C) — )% + (PR(D) — )’

R(C) =

l

Mariani MS, Medo M, Zhang YC. Identification of milestone papers through time-balanced network centrality. Journal of Informetrics. 2016 Nov 1;10(4):1207-23.
Vaccario G, Medo M, Wider N, Mariani MS. Quantifying and suppressing ranking bias in a large citation network. Journal of informetrics. 2017 Aug 1;11(3):766-82.
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Strengths and Weaknesses
General

Semantics

e PageRank-based models translate to researcher behaviour

o Easier to understand
o PageRank-based scores describe % of time spent on each paper or probability of reaching

a paper
e Other methods lack these semantics
o Some methods tuned based on some ground truth w/o providing any explainable semantics
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Strengths and Weaknesses
General

Semantics

e PageRank-based models translate to researcher behaviour
o Easier to understand
o PageRank-based scores describe % of time spent on each paper or probability of reaching
a paper
e Other methods lack these semantics
o Some methods tuned based on some ground truth w/o providing any explainable semantics

Data usability

e Metadata-based approaches suffer from
o Lesser availability
o Data Cleaning issues
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Strengths and Weaknesses
Popularity vs Influence

Time bias is inherent in Citation Count and PageRank

Some works place importance on “predicting” rankings based on future
citation counts or PageRank

We examined effectiveness of different types of methods on this task

e Split dataset on time point tg
e Rank papers based on examined method based on citation network
up to tg
e Compare ranking to
o Future citation counts not counting old citations (Popularity)
o Future citation counts considering all citations (Influence)



TUTORIAL: Assessing Research Impact by Leveraging Open Scholarly Knowledge Graphs @ T.HEWEBé
CONFERENCE

Strengths and Weaknesses
Popularity

PRB NPR* (R+ FRS ECM¥% RAM& NR ®# YR ®#NSDM & WC ©

Effectiveness on Popularity’ hep-th aPs

0.6 .
0.5 WE

e Measure correlation of rankings
to future citation counts (FCC) o031

=
0.4-
: 5
e Time-aware methods perform E 0 g —
g 0.31
best v
o Citation age most effective > ﬁ/ﬂ %21 I
o Citation age cannot capture e
1.2 1.4 1.6 1.8 2 1.2 14 1.6 1.8 2
cold start papers PMC iz DBLP
o Pa ' i e ——
per age cannot differentiate e o]
papers of same age o—g—0——0
o Citation gap not as effective é 0.4 ©
: ————
e Metadata not effective %03 b3 T ———e—
/ 0.2 .//.—/.
0.2 T T T T T 0.1 T T T T T
1.2 14 1.6 1.8 2 1.2 1.4 16 18 2

1. Kanellos I, Vergoulis T, Sacharidis D, Dalamagas T, Vassiliou Y. Impact-based ranking of scientific publications: a survey and experimental
evaluation. IEEE Transactions on Knowledge and Data Engineering. 2019 Sep 13;33(4):1567-84.
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Strengths and Weaknesses

Influence
PREB NPR% C(CR+ FRO© ECM= RAM4A NR ®# YR #WSDM & WC ©
Effectiveness on Influence 1 hep-th : 46
| 0.9 1 E*B_H

e Measure correlation of rankings z: EFFEQ?:E il

to overall PageRank - including  #07{ ¢—p—t—p— 061 ————n

future references (TPR) §°-6' oy G*j,./—o—:’:e
e Traditional, time-independent mzj oo gﬁi:

methods are effective o] o " o "
e No particular benefit of ensemble T2 1s s 18 2 0 Tz 14 15 15 2

PMC DBLP

/ metadata-based methods 0.9 \ 0_9-&2
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1. Kanellos I, Vergoulis T, Sacharidis D, Dalamagas T, Vassiliou Y. Impact-based ranking of scientific publications: a survey and experimental
evaluation. IEEE Transactions on Knowledge and Data Engineering. 2019 Sep 13;33(4):1567-84.
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Open SKGs are making it possible

e Open SKGs are catalysing research impact assessment applications.
e Ten years ago the coverage was extremely low.

e Important factor: the popularity of Open Science initiatives

o Open citations
o Open abstracts
o Open SKGs

Internet icons created by Freepik - Flaticon



https://www.flaticon.com/free-icons/internet
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Real-world applications

e Impact measures for publications have various real-world applications.

o Not restricted around publications assessment

e Example 1: Literature reading prioritisation (the traditional use)
o Leverage impact measures to prioritise reading
o Most common case: combine impact measures with keyword relevance scores
e Example 2: Researcher assessment
o Evaluate the academic performance of a researcher according to the impact of their
publications (and beyond!)
e Example 3: Monitoring trends in research topics

o Take advantage of the cumulative impact of research topics to identify trends in their

popularity
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Literature reading prioritisation
The concept

I preferred perspective

(e.g., popularity, influence)

Impact-based
publication

ranker*

e Delving into a field is tedious

e Extremely large number of published
research works

e Existence of low-quality (even erroneous)

works ‘ '

e Different reads according to user/ " ranks papers according to the
. . proper impact indicator (e.g.,
application (recall the experienced PageRank for influence, AttRank
researcher Vs. student example) for popularity)

Read icons created by Freepik - Flaticon, Book icons created by mikan933 - Flaticon
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Literature reading prioritisation
The prototype

Popularity = current attention
- RAM & AttRank

N Influence = long-term importance
www  https://bip.imsi.athenarc.gr/ - CC & PageRank
—\VL Impulse = initial impact during “incubation phase”

- ‘“incubation” CC (based on first 3y after publications)

clear all
Influence

Exceptional (Top 0.01%) ' ]
Substantial (Top 1%) I n e r
O] Average (All) ™

Popularity Amplifying valuable research
Exceptional (Top 0.01%)

Substantial (Top 1%) krtificial intelligence m
O) Average (All)

Order by: @) Popularity ® Influence i Impulse ¥ Year Keyword relevance: @) Yes No

Impulse
Exceptional (Top 0.01%)
Substantial (Top 1%) 69,416 results (3,471 pages) « - 2|1 3|4/|5 | » Click on entries for comparison

O] Average (All)

Start Year Title Venue Year
Starting Publication Year C e . .
Artificial intelligence in healthcare: past, present and future @ context @ Stroke and Vascular Neuro (...) 2017

End Year o . . . .
Artificial intelligence in radiology @ context @ Nature Reviews Cancer 2018
Ending Publication Year

Swarm Intelligence @ context @ N/A 1999

Venue @

Explanation in artificial intelligence: Insights from the social sciences @ context @  Artificial Intelligence 2019
Select Venues

WWW icons created by Freepik - Flaticon

oo oo
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Literature reading prioritisation
The resources (datasets, codes, APIs)

BIP! Vision: a set of services & resources to offer a
multi-dimensional view of publications impact

e BIP! DB: https://doi.org/10.5281/zen0d0.4386934
e BIP! API: https://bip-api.imsi.athenarc.gr/documentation

e BIP! Ranker: https://github.com/athenarc/Bip-Ranker

e BIP4COVID19: hitps://doi.org/10.5281/zenodo.3723281
2147529 31,381

vvvvv &, downloads

Relevant publications:

T. Vergoulis, I. Kanellos, C. Atzori, A. Mannocci, S. Chatzopoulos, S. La Bruzzo, N. Manola, P. Manghi: BIP! DB: A Dataset of
Impact Measures for Scientific Publications. WWW (Companion Volume) 2021: 456-460

T. Vergoulis, S. Chatzopoulos, I. Kanellos, P. Deligiannis, C. Tryfonopoulos, T. Dalamagas: BIP! Finder: Facilitating scientific
literature search by exploiting impact-based ranking. CIKM 2019: 2937-2940 (demo)


https://doi.org/10.5281/zenodo.4386934
https://bip-api.imsi.athenarc.gr/documentation
https://github.com/athenarc/Bip-Ranker
https://doi.org/10.5281/zenodo.3723281
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Researcher assessment
The concept

career advancements (e.g., recruitment, promotion)

Researcher
assessment
process

prof. achievements (e.g., prizes, funds)

N
N

@ Scrutinise CVs — extremely tedious

Use of “evaluation shortcuts”

- Number of papers . . L . .
- IF of journals detailed impact indicators can help in this

- Citations / h-index

- amplification of important problems (Matthew effect) / fostering bad practiees
- not capturing the full spectrum of aspects of research impact
A many problems - oblivious of various types of research activities (datasets, software, OS practices)
- oblivious of different contribution roles
- misconceptions about the interpretation of the used indicators

Data icons created by Freepik - Flaticon, Woman icons created by Freepik - Flaticon, Thinking icons created by Freepik - Flaticon
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Researcher assessment
Prototype

R Unlink ORCID

Thanasis Vergoulis orcip: 0000-0003-0555-4128

W Topics

 pubiic

Bioinformatics Scholarly knowledge Scientometrics Knowledge graphs Heterogeneous information networks Artificial intelligence Big data management
ly 9 ge g 9 9 9 9

Expert recommendation @)  Expert finding €  Topic modeling @) = Readability @) = Information retrival @) = Databases @)  Life sciences @) Information retrieval @) | Reproducibility @)

Indexing @)
& CRediT roles

Writing - original draft @) = Conceptualization @) | Investigation @) Methodology @) = Supervision @) | Writing - review and editing @)  Project administration @) = Software @)
of' Availability

Open Access @)  Restricted Access @) = Unknown Access @)
®© Work type

publication @Z)  dataset @)

Impact Indicators Career Stage Indicators
4963 15 15 3.94e-6 5.91e-7 1734 13
citations h-index i10-index © popularity 1 influence # impulse academic age

— Productivity Indicators Open Science Practice Indicators
39 2 69% 12.25
publications datasets R BCreee ehare eIl EcadeamIC ate

+ 8 missing works @

My works 17 Publication year ~
results ages « 2|3 |4|5]|» ick on entries for comparison
41 Its (5 pag Click tries f pari
Impact-Based Ranking of Scientific Publications: A Survey and Experimental Evaluation @ & ¢4 O ¥
IEEE Transactions on Knowledge and Data Engineering - 2021 ° citations
W | Sci ics x x|+
& c izati igation || || supervision || Writing - original draft || Writing - review and editing | 4
BIP! DB: A Dataset of Impact Measures for Scientific Publications @ uf’ @ Om ¥
Companion Proceedings of the Web Conference 2021 - 2021 citations

® | sci ics x x |+

E‘ C izati igati ‘ H Project init i || Supervision H Writing - original draft || Writing - review and editing | 4

TWEBZ

CONFERENCE X

aggregated indicators
capturing distinct impact
aspects

provided details on the way
of calculation,
interpretations, misuses etc

additional indicators for
other types of activity

adoption of contemporary
RRA practices

option to manage their own
profiles, adding CRediT
roles for their contributions
in the respective works

To appear in JCDL 2022
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Monitoring trends In research topics
The concept

4

Topic

Officer in RFO (Research Funding Org.)

? modeling
. |

Topic B
“ - Research topics to fund???
Under-funded (new) topics??

?

Impact Impact Impact

aggregator aggregator aggregator

2

/\;I I I Research trends

Trend icons created by Freepik - Flaticon, Money icons created by vectorsmarket15 - Flaticon, Thinking icons created by Freepik - Flaticon
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Open challenges

e Category A: Data quality & coverage in SKGs
o KG metadata that need to be enriched / cleaned

m Examples: fields of study absent for most papers, author disambiguation

o Full texts useful be available (at least in inv. Index form)
e Category B: Improvements in indicators
o Multi-perspective field-weighted indicators
o Impact propagation to other types of research output (e.g., datasets, software)

o Incorporate citation semantics information

m  When using citations as proxies of impact, some citations may be irrelevant

%

Challenge icons created by ultimatearm - Flaticon
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SCi@K

Don’t forget to join us tomorrow:
https://sci-k.github.io

Thanke you!

llias Kanellos - ilias.kanellos@athenarc.ar

Dimitris Sacharidis - dimitris.sacharidis@ulb.be - @dsachar

Thanasis Vergoulis - vergoulis@athenarc.ar - @vergoulis
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