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Abstract

This analysiseeks to test an emerging theory of epistemic community influence. The
theory posits that higher internal cohesion amongst membersegistemic
community will garner the commity more political influenceGross2013).

Taking advantage of a large citation databasewell as other open source dseéts
this thesis produces a complexdirected, weightednultilevel (tripartite) terrporal,

spatialy distributedgraph of global scientific collaboration ifirctic research

Using concepts developed in the Social Network Anag8dis)literature, this thesis
operationalizes cohesion, and seeks to test its effect on one specific aase of a
epistemic communitghe group of researchers witollaborated on thénfluential

Arctic Climate Impact Assessment report (AQDDS.

Theresultscontestghe original hypothesis anabens for a more complex

understanding of the effect of internal

influence.
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| Purpose and Background

1 Scienceanddiplomacy

It has become a truism that globalization and increasing interdependence are areating
world of growing complexity and uncertainty that re@ing the classic patterns of
international relationéSmith 2008) The increasing complexity of world problems

means evidenebased policies are more important than éiieras 2016b, p. 47Rut

what are theasual pathwayis which expert knowledgeeaches anghforms political
decisionmaking?

The EpistemicCommunity(Epicom)literature is the principal way in which these
processes have been examined within International Relations (IR) tReoithe last
25years, studies of epistemic communitiese examined how various expert groups

have been able to influenpelitical decisions on the highest level.

Nowhere is this state of affairs more present than in the ARxtie.toits extreme
weatherconditions,operating in the Arctic generally reges specialized knowledge

and equipmenExperts and scientists have therefore had a large role the development
of the Arctic governance structuexamples are the Joint Norwegid&ussian

Fisheries Commission (Hgnneland 2000), the Arctic Search and Regaement

(Farré, A. B., et al. 2014), the Commission on the Limits of the Continental Shelf

(Baker 2010)and the various Arctic Council working groups (Arctic Council 2013).

However, studies in the epistemic community literature has prinizeén singt case
studies, or smaller comparative research. Large empirical atigtistl tests are quite
rare(Haas 2016)While this thesis is also a case study, and rather exploratory in
natue, its introduction of a new methodological paradigm opens the flodarge

scale, quantitativanferentialstudies on epistemic communities.



2  Methodologicaldevelopment

The epistemic community literatui® part of the constructivist branch of international
relations thear. Unlike the statecentricapproaches embodidy the realist branches
epicom theory arguesthdts t at es make choices subject
influence, whose organization varies by influence area. Thus, governance varies by
issue area. Consequenglglicy networksorganized around specifissues become the
appropriate level and unit of analysis because the array of actors, interests, institutions,
and capabil it i(Haas20léemphass mibey. i ssue. 0

Conceiving of political processes as happening thrgadjicy networkshas a long

tradition in political sciencéRhodes2006). However, this approach often discusses
networks more like a metaphor rather than a precise model, something that may lead to
a vagueness and imprecision that makes it hard to generalize theories and conduct
large-N comparative research,longstandingriticism of the approach (Dowding

1995).

The burgeoning field docial Network Analysis (SNAYn the other hand, is of a

rather quantitative nature, and often demand a high level of definitional precision when
developing concepts. It also allows for the empirical study of large, complex networks
that would not be feasible using alternative approaches. Furthermore, it allows the
researchers to take advantage of the concepts and mathematics developed in graph
theay. In the case of the present study, the concept in question is that of cohesion

amongst the members of an epistemic community.

Prior applications of SNA to the study of epimshave been primarily interested in
community detection (Roth, Obiedkov & Koer2008)As far as | can tell, the present
study represents the first time SNA concepts have been applied to the measure of the

political influence of an epistemic community.

The goalof this thesis isherefore twofoldmainly it is an attempt to empirithatest

an emerging theory on epistemic community influence. Additionally, it seeks to

10



highlightthe usability and potential sbcial network analysis the epistemic

community literature.
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I Research QueCsatsieonSealnedct i on

1 Researchguestion

In herreview article of two decades of epistemic community research, Cross (2013
p. 144) summarizes several proposezhditions under which epicoms might be
influential. She also proposes her own structural thefiirfrypothesise that the more
internally cohesive an epistemic community, the more likely it will achieve a high
degree of influence on policy outcondes.

This theory will attempt to operationalize and test her theory on variable internal
cohesion and epistemic community influence. It will dusimg the social network
analysis framework, and in particul ar
as various centrality measures which will all be explainedkipth belowlt will do so

by creating a network of thentireglobal research ecomunity on Arctic research, and

in particularly by looking at a group of scientists involved in a large report on climate
change in the Arctinamed the Arctic Climate Impact Assessment Report (ACIA
2009.

The r es e ar dsthe gohesient as maaedibystheftlustering coefficieot
their collaboration patternof the ACIA epistemic community higher than thahef t

gener al research network?o

I hypothesize that, as Cross (2013) suggdsitsjnfluential group of scientist ought to
have a high ieel of cohesion, and exhibit a strong, dense network.

12
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2  Caseselection: The ArcticClimate Impact Assessment Report

The author wishes to stress that this study, unlike many others in the discipline, does
not seek to determine whether an epistemic commwasinfluential, but whether an
influential community was cohesive or not. It therefore starts with a community whose
impact and influencarerelatively undisputednamely the group authoring the 2005
Arctic Climate Impact Assessment Report.

The Arctic Climate Impact Assessment Reg&€IA 2005) was the firstnternational
regional climate impact assessménivas created under the auspices of the
intergovernmental Arctic CoundiAC) and the nomgovernmental International Arctic
ScienceCommittee (IASC).

The1042page scientific reposas ceauthored byB09individuals, most of whom

were scientist It is these scientists that form the epistemic communityishtae focal

case study of this thesis. Unlike the more famous reports releasee b
Intergovernmental Panel on Climate Change (IPCC), the ACIA report was notable for
including many social scientists as well as representatives of indigenous groups
(Nilsson2009.

Thisisemi nal 06 ( Le mke )&podisgeocnallyegar@edds ahighly 455
influentialand its resultgarnerednajor attentiorin the mediavhen they became

public in 2004 Comparing the public reception with the third IPCC report

(Houghton, et al2001), Tjernshaugen & Bang (20G5) n ¢ | u dwe find thatthet A
IPCC reportreceived more attention that ACIA. But givenitinech broader thematic

scope of the IPC@ssessment, it is reasonable to conclude that ieveomparison to

the IPCC report ACIA haeceived a large amount of attention. Go i nrmpte:on  t o
fiwe alsdind that so far there have been markedly fergéerences to disagreement

over the scientificontent and form of presentation of the A@fort.0

That the ACIA report was generally accepted and influential is widely agreed upon in

thepditical sciencditeraturediscussinghe report. (Duyck 201 5tokke & Hgnneland

13



2006 Stone 2015Young 2016 Soltvedt & Rottem 206, Koivurova & Hasanat 20Q9
Nilsson 2009).

One of the most notable results of the report from a policy perspective atdiseh

Senior Arctic Officials (SAOs) of the Arctic Council formulated a document with
concrete policy recommendations that was derived from the findings in the ACIA
report.(Arctic Council 2004aArctic Council2004b). The policy document appealed
themember st ates of adofteimatercioange mitigatiorustrategids t o A
[in order to reduce greenhouse gases to] levels consistent [with] the ultimate objective
of the UNFCC® Ur{ited Nations Framework Convention on Climate Charnbes,
firepresenting the strongest call for climate mitigation policies endorsed by the Arctic
Councib ( Ni200% p. d3t142). Few studies have analysed the extent of the
national implementation of these policy recommendations, but the one this author is
aware of(Soltvedt & Rottem 2016shows that, at least in the case of Norway, several,
though certainly not all, of the recommendationsindact been implemented into

domestic law.

As noted byDuyck (2012 p. 609 fiwhile such statements seldom result in concrete
outcomes, they might be relevant to climate change negotiations in influencing the
rhetoric use@. Koivurova & Hasana2009 notes that the ACIA report were produced

i n tohtext ofia lack of strong political commitment by the eight Arctic states
(Duyck 2012 p. 614). Despite of this, they highlight the political powdiad in

framing the climate change debdi&:good argument can be made thatth€IA

process] haveen abld é fo influence even the global climate change regime since it
is fairly uncontested that the increase and progress in knowledge of climate change
and its consequences puts pressure on the pelégal machinery to strengthen the
climate regime (Koivurova & Hasanat 20Q90ran Young likewise argues that the
ACI A r grengthened te foundations of the global climate negotiations 2 0 1 6 ) .

Outside of academiah¢ importance of the work conducted by @A epistemic

community has also been highlighted by politicians active in Arctic governance, as

14



seen whenhenNorwegianMinister of the EnvironmenBard VegarSolhjell stated
f{ACIA] provided the basis for decisions on several international conventions and
agreements in which the main point is to get control of emissions of pollutants that
eventually ed up in the Arctic ecosystemigArctic Council 2012)

That the ACIA report came at a critical juncture can be seen by tracking how often the
terms fAclimate changeo and figlobal war mingo
well. Google Ngram, which queries the @®Books database for mentions of certain

keywords, can do just that. Aggurel shows 2004, when the 14page synthesis

reportimpacts of aVarming Arctic(ACIA 2004) wasreleased, if was a keart of a

major uptick in the global focus on climate change that startedhetthird IPCC

report (Houghton, et al.) in 2001 and was further catapulted into the global conscious

by Al Go r eafy §lm AndncanveiemttTruth in 200@5uggenheim

0.000550%
0.000500%
0.050450% climate change
0.000400% global warming
0.000350%
0.000300%
0.000250%
0.000200%
0.000150%
0.000100%

0.000050%

0.000000%
1980

1965 1970 1975 1680 1985 1930 1995 2000 2005

Figure 1. Google Books Ngram viewer charting the rise of the terms "climate change" and "global

warming". © John Cook #ie Center for Climate Change Communication at Gedgeon University.
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IMLIi terature Revi ew

1 Epistemiccommunities

Peter Haas, the founding father of the epistemic communities literature db&éness
inet wor ks -basedkommunities ditlh an authoritative claim to pelicy

relevant knowledge withhhei r domai ns of expertise. [ ] th
professionals, often from a number of different disciplines, who share the following
characteristics:
1. Shared principled beliefs. Such beliefs provide a vhksed rationale for
social action by the memiseof the community.
2. Shared causal beliefs or professional judgment. Such beliefs provide analytic
reasons and explanations of behavior, offering causal explanations for the
multiple linkages among possible policy actions and desired outcomes.
3. Common notins of validity: intersubjective, internally defined criteria for
validating knowledge. These allow community members to differentiate
confidently between warranted and unwarranted claims about states of the
world, and policies to change those states.
4. A conmmon policy enterprise: a set of practices associated with a central set of
problems that have to be tackled, presumably out of a conviction that human
wel fare wil/ be enfHaas20d46p.B)Ss a consequence

Each of the four characteristics are requiii@ the group to warrant the designation as

an epistemic community. The ACIA researchers fit these criteria well, as they co
authored a major document that contains elements of each criteria. The report (ACIA
2005) argues that the Earth represents asystem with finite resources that must be
harvested in a sustainable manner (a principled belief), that anthropogenic greenhouse
gases are causing a global warming (a causal belief), that there is mounting evidence of

this process which can be found thrbuge scientific method (aotion of validity)

16



and the report even comes with a policy paper prescribing a number of mitigation and
adaptation measures (a policy enterprise).

Again, since they all signed off as-aathors, one must assume that they agite
each otherés findings and met hodol ogies, and

community.

1-1 Epistemic Community Influencend Variable Internal Cohesion

After its emergence as a major theory of International Relations in a special issue of
International Organizatiorin 1992, the concept of epistemic communities has seen a
sizeablditerature spring up to examine its applicability in a range of cases. This
literature has recently seen summaries in an articid &yi Grass (2013)and more
recentlyin a booklength collection of articleby Peter Haas himsel2Q16.

Whil e Haas6 monograph is | arcogsdergblea hi stori cal
contributions Crossseeks to expand the research programme in new directions, or to

fiput forward specific innovations to the framewdds she says hers¢#f013 p.138)
Specifically,sheargueghatfiwe must pay more attention to the interdghamics

within an epistemic community to understand its strength or weak{&ss3 p.138).

After introducing a helpful table (reworked from Zito [2001]) showcasing under what
circumstances studies have shown epistemic communities to successfully influenced
global politics, she advances one major new hypothesis dealing with the internal

structure an epistemic communitypamelythat ofvariable internal cohesian

17



Epistemic communities are more likely to be persuasiv{ Scholars:
When:

Scope conditions
there is uncertainty surrounding the issue because it is| Haas(1990) Radaelli

complex or new (uncertainty fromperceived crisis) (1999)

the issue is surrounded by uncertainty and it is political Radaell(1999)

salient (continuous uncertainty)

the decisioamakers they are trying to persuade are Hall(1993)
unhappy with past policies and present problems

(uncertainty from perceived crisis)

Political opportunity structure

they have access to all necessary top decismakers Haag(1990) Drake
and Nicolatlis(1992)
they anticipate other actoreferences and actions Richardsor{1996)

despite fluidity in the system (as in the EU)

Phase in the policy process
they seek to influence the terms of the initial debate, | Raustialg1997)

instead of the decision itself

they deal with subsystem, technocratic phase of Peterson and Bomber
decisionmaking, rather than shaping broageditical (1999)
beliefs

Coalition building
the networks they are competing against are not as Peterson(1995

cohesive or certain of their aims

18




they share a high level of professional horms and staty Sabatier and Jenkins

Smith(1999)

Policy field coherence

there is respected quantitative data, instead of very Sabatier and Jenkins

subjective qualitative data Smith(1999)
the issue involves natural systems (that is, the Sabatier and Jenkins
environment), instead of social systems Smith(1999)

their norms and policy gds are compatible with existing Jordan and Greenway
institutional norms (1998) Sabatie(1998)

Tablel. When epistemic communities are persuasive: summading diferature

Cross argues that much of the literature summarizé&dlite 1 looks mainly to the

external conditions anolverarching comparative political contelat constrains or

enables the epistemic community to exercise influence. After taking account of these
external condi thdnexhstepiste loak at@npg e € mift communi tyad
internal dynamics I this respectiia major hypothesikput forward is that a strong

epistemic community that has a greater potentialrffiluence is one that not gnl

possesses a high degree of recognised expertise,dlsbimternally cohesive.

(2013, p. 148)

It is this idea of fAcohesionodo that the presen
furthermore test whether a known influential epistemic community rda#g exhibit

higher levels of cohesion.

19



2  Graph Theory

Graph theory is thbranch of mathematidbat deals with the relationships between

points and |lines. These are called fiverticesoao
more intuitiwn&sidnades sotidseiahces (hect wilklsobe

the case in the present study)Figure2, the numbered circles are the vertices/nodes,

and the lines between them are the edges/links. The circles and lines can represent

anything, but in this study the circles will generally représesearchers, while the

lines will represent coauthorship on one or more publications. In the context of social

science, a graph is often called a sociogram.

Figure 2. A simple graph. © AzaToth, Used under Creative Commaiisufitin 2.0 Generic

Graph theory provides both a visual representation of a network (the sociogram) and a
collection of measures and concepts that can be utilized to study the formal properties
of social network§Wasserman & Faust 1997, p. 1Bhis gives us a standardized
language for talking about and quantifying structure and properties of the networks,

avoiding the pitfallanentioned in chaptd® (Hoffman2011).

20



3  Social Network Analysis (SNA):

SNA is the social science brother of graph theory. It seeks to find applications to help
us better understand social phenomena around us. Some authors like to draw a
distinction between what they call relational scieand attribute science (Scott 2012).

Attribute science representsthe r adi ti onal 6 way of ordering th
individual observations are given certain attributes (like gender, socioeconomic status),

and are then investigated using statistical ama(gcott 2012).

Relational sciencen the other handepresent an alternative approach. Here you are
no longer seeing observations as independent individuals, but rather as embedded in a
web of social relations. It is no longer the attributes of an iddal observatiomper se

thatis interesting, but his position in this web, and hovg ihavigated.

Take for example the financial portfolio of a hedge fund where each individual asset
has a risk associated with it. If these assets are not ralaaegiway, because they all

stem from separate sectors of the economy, then simply analysing the risk attributes of
each asset and adding them together in a linear way is a reasonable way to find a total

value for the whole portfolio.

But what if the cases that many of the assets in the portfolio are interconnected and
dependent on each other? A large number of investments in logistics and retail, or
agriculture and food processing, for example, will see the risk grow in unpredictable,
nonlinear waysQolchester2017) As failure in one set of assets will result in the

diffusion of failure (and thus increased risk) across a broad range of assets.

Therefore, the actual rigleturn ratioof thecompleteportfolio cannot reasonabbe
calculated by analysingach asset in isolation, but must take account of these complex

interconnectiongColcheste2017)

Once a system sees increasing connectivity (such as the global governance system), it
is increasingly the relations between individual components thdd terdetermine the

outcome of changes in the overall system {Bam 1997). This is where the toolset

21



afforded by network theory really shines, as it allows us to grapple directly with this
increasing complexitypy its ability to handle large datasetsgahows us to be very
precise when formulating and testing various hypotheses.

The formal definitions of a number of network/graph theory concepts and clustering

algorithms are introduced @haptenV.

22



IVMet hodol ogy

1 Researchdesign

The research process will go through the five stages outliffégune3. These steps

will be detailed in this chapter and the next.

ACreate webscraper to gather scientometric data
A AScrape ISSN data
Retieval  AScrape coordinates for institutions

AMatch the data from various sources to create one full dataset

pata  AClean up data using clustering algorithms
Managemen

ATurn the cleaned data into graph object

craph  AProject from bipartite to unipartite graph
Creation

ACalculate degree, closeness and betweenness centralities
o AcCalculate global, communal, and individual clustering coefficients
etwor .
Analysis APerform permuation test

AAnalyse results
ADiscussion
Interpretatior A Conclusion

Figure 3. Research process

23



2 Dataretrieval

In order to map the global arctic research network that the ACIA researchers are
embedded int is necessary to find a suitable dataSatce the epistemic community
in question consists of more than 300 mem@rgormingqualitative data gathering

like surveys, interviews, or (Stadt@0d2yma ! | i ngo

50).

Rather, | willtake advantage of a large citation database in order to capture
collaboration patterns amongst the scientist. By accessing databases like Google
Scholaror Web of Science and retrieving metadatavery relevant paper available in
the database, one could create an algorithm that defines every author as a node, and
every time two or more authors haveauthored a paper, it creates a link between
them. Bydoing this on every paper downloaded, one would eventually create a graph

of the entire research network.

ar

The database | c hos e t Accouingtdtheavebsiwas EI sevi

er

e

0

Scopus contains fimore t han22bbpeaneviewed on recor ds

journals. o6 in addition to a | arge amount

2017).In addition to its comprehensive scofEopusvas choseffor its friendliness to
web scraping algorithm#&utomatic data retrieval is severely curdilin Google
Scholarand requires paid subscription in Web of Science.

A webscraping bot was built to interact
(API), an interface for data retrieval. The algorithm were set to download the metadata
on all papergontaining the word 'arctic' in their title, keywords, or abstract, every year
back to 1945.

The datawereretrieved onJun 25, 201650,189 papers written by 78,901 authors
belonging tol7,576institutions were collected. This led to a combine6,dd6

observations in the raw data.

24
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Furthermores epar at e al gorithms were built to
containing information on the impact factor of various jourredsyell ago retrieve

the coordinates for the institutigrso they couldbe geographically displayed and

spatially analysed. This latter data was gathered from the free and open source
Geonames database (Wick, M., & Vatant, B. 2012).

3 Datamanagement

Unfortunately, with such a large number of observations in the dataset, an equally large
number of errors were to be found. Particularly did this relate to the various institutions
(the observations relating @uthors angburnal articleshad a much highealata

integrity). Table2 is an example of such messy data. What seems to bewoaly

research institute would instead have become tatiffgrent nodes in the nebrk,

severely undermining the reliability of the resulting network graph.

Table2. Example of messy data

ID number | Name

105221434 Nansen International Environmental and Remote Sensing Center

101437938 Nansen Intnl. Envrn./Remotgensing

60104160 Nansen International Environmental and Remote Sensing Centre

116553585 Nansen Environmental and Remote Sensing Centre (NERSC

100368444 Nansen Intl. Environ. Remote S.

60026154 Nansen Environmental and Remote Sensing Center

112795981 Scientific Foundation Nansen International Environmental and Remot

Sensing Center

100468722 Nansen International Environmental and Remote Sensing Center
100660746 Nansen Environmental and Remote
100328539 Nansen Int Environmental and Remote
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While this one instance smple enough teectify manually, with more thah7,000
institutions in the database, checking each and every one manually is simply not
feasible. This problem is typical of the kind of challenges one faces when trying to use
i bi g athdathaakfulfy there are a number of clustering methods and algorithms
invented forcases such as theSehe following will list them in order from most strict

to most lax, with a short description of their workings.

3-1  Clustering methods and algorithms

The clustering techniqueppliedcan beseparateihto two broad categories, the so

called"Key Collision' methods, andthe@ Ne ar e st 0 Nethodgoh b o u r

"Key Collision" methods attempts to find the simplesbst meaningfulvay of
signifyinga value (d'’key"), and then seeing if other entries in the database have the

same key.

3-1-1 Fingerprint
The fingerprinting methqdirst implemented byRabin (1981)is one of the simplés

clustering algorithms to understand. It attempts to generate a key from a value by

following these stepdrom Stephens 2016):

Remove leading and trailing whitespace

Change all characters to their lowercase representation
Remove all punctuation and cooitcharacters

Split the string into whitespaeseparated tokens

Sort the tokens and remove duplicates

L T o

Join the tokens back together
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7. Normalize extended western characters to their ASCII representation (for

example "g°del"™ Y "godel ")
By removing all the Adirto from the value str
string remains, and the same ones are cluster
the name). The order of thekensi s n o't i nKproGoded n & @ddied Kurton

will end up in the same cluster.

3-1-2 N-Gram Fingerprint
The nigram fingerprint methqdn this instance as developed by Cavkdarrenkle
(1994) largely follows the steps of the fingerprinting algorithm, except that instead of
usingwhitespaceseparate tokens, it useso-calledfin-grams B-grams allows the
user to choose the length of a sequence of letters in the token that may be dissimilar but
yet end up in the same cluster. This means that namée'Klikgsztof", "Kryzysztof"

and "Krzystof'can befound together, even though they have different fingerprints.

3-1-3 Metaphone3
Metaphone3, developed Bhilips(1990)isasec al | ed APhonetic Fingerpr

algorithm. It creates the key by transforming words into the way they are pronounced.

"Reuben Gevorkiaat and "Ruben Gevorkyantslave end up with different keys
using both the 1gram and basic fingerprinting (Stephens 2016), however, their

pronunciation is the same and they will thus be clustered using Metaphone3.

Nearesheighboumethodsare computationally more demanding than key collision

methods, but they allow the user more precision when searching for duplicates. The
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user is free to choose how fAfar aparto any

clustered together.

3-1-4 Levenshtein Dstance

Developed by evenshtein(1966) this algorithm counts the amount of changes that

are needed to make one string identical to anoter. To use an example from Stephens
agai n (Pari@dartidparisdiiiave an edit distance of 1 as changing P ints e

only operation requiredNew Yorkandewyorldohas edit distance 3: 2 substitutions
and 1 removal®Al Pacindand dAlbert Pacin@have an edit distance of 4 because it

requires 4 insertions.

This maked_evenshteirdistance particularly useful fdinding spelling errors or

similar things that slipped by during the previous methods.

3-1-5 Prediction by Partial Matching

Prediction by Partial Matchingr PPM, is based ondhdea of using the
informationtheoretical notioro f Kolfhogorov complexitp t o measur e t he

correspondence between two values or strings.

Kolmogorov complexityis measured by hosmall the simplest computer program
needed to generate a given output is. The smaller the program, the less complex the

output.

PPM is a compressaigorithm that takes a st and tries to reduce in size, and it
does this statistically estimating what character will come after another. So if string X
and Y are similar, compressing X or compressing X+Y should end with similar results
(measured by Kehogorov complexity). If X and Y wereery different, compressing

them would lead to a very different result than when compressing X by itself.
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The resulis that, while PPM yields many false positives, it also has the ability to
uncover some deep connecasathat are very hard to spot otherwise (Stephens 2016).

These algorithms were all implemented in OpenRefine, an open source application for
data wrangling@penRefine 2017

However, since these algorithms work automatically they can often create gabiem

their own. If we look back akable2. Example of messy datmd examine it in more

detail, we find that it is in fact not one, but two relatesksrchcentres One isthe

Nansen Environmental and Remote Sensing Center located in Bergen, Norway, and the
other one ighe NanserinternationalEnvironmental and Remote Sensing Center,

located in St. Petersburg, Russia. In order to mitigate riskshlikedl merges

suggestedby the variouslgorithmswere manually approved by the author. After the
process of cleaning the data, the number of institutions in the dataset wea¥7{Ex6

to 16,513
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4  Graph creation

With the dataset cleaned up one are now in a position to actually create the graph. This
is done by creating another algorithm to go through the data and start defining
relationships between the entities within. There are three kinds of entities inaketdat
that are of value to the present study:

1. The scientists themselves
2. The institutions to which they belong
3. The papers they have written

The algorithm creates links where appropriate: when two or more scientists publish a
paper together, a link created between them. When a scientist belong to one or more
institutions, a link is created between hed dfthem. The end result is a complex,
multilevel (tripartite), undirected, weighted, temporal, spatially distributed graph of

global scientificcollaborationon arctic research.
What does this mean?

1 Multilevel (tripartite means that the various kinds of nodes in the network
(scientists, papers, institutions) exist on separate layers, and links within each
layer is norexistent. E.g.: papers anet linked to other papers, and
institutions are not linked to other institutions (only indirectly through a

scientists). SeEigure4 for a visual reresentation of this structure.

1 Undirected: links between node can be directional. This makes sense in for
example a trade network, where one country might export to another, without
necessarily importing anything from said country. However, it make® sens
assume that when two scientists areaathoring a paper, they are both

collaborating with each other.

1 Weighted: weight refers to the frequency in which a link is used. If two authors

write 1 paper together, their link gets a weight score of 1. yfwrée 2
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papers, their score is 2 and so on. This captures that frequency of collaboration
is likely a sign of a stronger relationship.

1 Temporal: because all the paperdes have a publication date associated with
them, it is possible to study the evotutiof the network over tim&hen the
graph is visualized,r® can literally see collaborative patterns form and fade

away.

9 Spatially distributedas mentioned earlier in this chapter, longitude and
latitude where scraped from a geodatabase and assawititdde various
institutions. This allows the researcher to examine the geographical
distribution of the network.

TAYIRNYN

'/
2y
b /

Figure4. lllustration ofa tripartite graph. © Kyohei Ikematsund Tsuyoshi Murata, Tokyo Institute of

Technology
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5  Social Network Analysis (SNA)

With the network fully constructed, the researcher is finally able to take advantage of
some of the unique opportunities to study structure that is afforded by the rélationa
perspective of SNA.

51 Network measures

One of the key strengths of applying a SNA framework is the ability to formalize and

test a number of concepts that are normally used only as metaphors or heuristics, such

as fAicohesionodo andakdiirceetnwarak iitrnyfol yeomrc ex.ampl e,
claim that someone is a fAcentr al actoro in a
by that? Consider the graphkigure5Feil! Fant ikke referansekilden, who is the

central actor in this network?

Network analysist and graph theorists have thought about these questions for decades,
and have come up hitprecise definitions of various conceptiofgiee idea of
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i c e nt ke lfolloviggsubchapters will introduce three of the most commonly
accepted conceptions, which are also the ones who will be used later in this study.

Figure5. Centrality Image by Tapiocozzo, licensed under CCIY4.0

5-1-1 Degree Centrality

Degree centrality is perhaps the most intuitive. It argues that the most central actors are

those who have the most link&gure6 is the exact same network agHigure5, with

only the colours having changdebr the rest of th chapter, a warmer colour equals a

higher centrality score. In this case,red méhasit he number of | inks inc
a n daschighd It can therefore be understood as popularity, or irsatborship

network,it would be paitularly productive esearcherg/ho writes articles witla

greatmanydifferentpeople.
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Figure 6. Degree centralitylmage by Tapiocozzo, licensed under CCIY4.0
Degree centrality can be formalized mathematically &gjimationl, where the
centrality of noda) equals the number of nodes incident upon (degree) ofinode

Equationl. Degreecentrality

Cp(v) = deg(v)

5-1-2 Closeness Centrality

When looking afFigure6, none of the highly ranked nodébe red onesdeems to be

near thecentral part of the networkCloseness centrality seeksremedy this, and

ranks the nodes according to their distance to every other node. The definitibnhise

average | ength of the shortest path between t
(Wasserman & Faud 9%, p. 184) The nodes with the highestntrality here are

those who, on average, have the shortest path to every other node.
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Figure7. Closeness centralitymage by Tapiocozzo, licensed under CCHY4.0

The mathematical formula is presentedEiuation2, whereQ cfto is the distance

from nodewanda (Bavelasl1950.

Equation2. Closeness centrality

5-1-3 Betweenness Centrality

Betweenness centrality quiteinteresting. It starts with the shortest paths calculated in
the previous algorithm, and then calculates which nodes sits on most of these paths.
Formally, the definitioniit he number of ti mes te node
shortest path be (Brardes2001)wformatizadeas ifcquatidne s 0
3, where, is total number of shortest paths from node nodedband,, U is the

number of those paths that pass throiigh
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Equation3. Betweenness centrality

Cpl) = Y 2

o
s#vF#tEV st

While the other two forms of centrality stressed popularity and access, betweenness
centrality can be better understaamgisomeone being in a brokerage positioactsas

a bridge buildeacross communities/cohesive sgitoups
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Figure 8, Betweeness centralitynage by Tapiocozzo, licensed under CCIY4.0

5-1-4 Clustering Coefficient(CC)

Differing from the various centrality measures that seek to define and detahmain

influence of a given node, the measure called clustering coefficient seeks to determine

the cohesiveness of its neighbourhoasisit ar t i ng poi nt ifiendt he i nsi gh
is often my friend, o0 and the three friends wi
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this,one can measure the cohesiveness of a group by counting the number of triangles
existing in a neighbourhood, divided by the number of all possible keiging

VS.

Figure 9. Example illustrating the clustering coefficient © Sergei Vassilvitskii, Yahoo! Research.

Consider the exampla Figure9. In the small network on the left, the middle green
node has six connections. If everyone in this group were connected to everyone else,
you would have 15 triangles. However, only 2 of thegilde triangles exist, giving the
green middle node a clustering coefficien25=0.13. The middle node in the right
hand network on the other hand, has as many as 8 of the 15 possible trials complete,

meaningt has a clustering coefficient 8f15=053.

One can also immediately see that the network on the right is much more cohesive than

the one on the left. It isecause of this thapropose to use the clustering coefficient to

test Crossé (2013) theory onmicvwcamnmumEtp| e i nt er na
influence. It intuitively makes sense, while also allowing for easy measurement and

comparison.

The clustering coefficient can either be calculated for individual nodes (local clustering
coeffiecient) or for the entire network or a selediggoup of it (global clustering
coefficient). They are formalized in the following equations:

Local clustering coefficient:
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Equation4. Local clustering coefficient

 2{ejk  vj, v € Ny, ey, € B

C.
' ki(ki — 1)

Globalclustering coefficient:

Equation5. global clustering coefficient

O— =

S|~
\g
$

By comparing the clustering coefficient of the ACIA researchers with the general
scientific network, as well as performing a statistical significance test, one can thus
surmise if the influential ACIA researchers really were more cohesive or not,

comparedo the overall population.
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5-2 Permutation tests

Performing astatisticalsignificance tesbn network data isnfortunately not as
straightforward as implied in the previous subheadihgst ofmodernstatistics rest

upon two major assumptions:

1. Thatthe observations aiadependenfrom each other.
2. Thatthey are drawn randomly fromnermally distributed sample.

Neither of these assumptions hold true when it comes to network data. On the contrary,
networks are per definitiointerdepemlent, andhey often display neanormal

distributions, such as power lalistributions

Permutation testing is one way to overcome this problem. Permutation tests are
nornrparametric test like bootstrapping, in which the data is rearranged to create a new
probability distribution. In a network contexhis entails retaining the structure but

randomlyreassigning the position abdeswithin that structure

Figure 10. Example o& permuted graph © Christina Prell, Department oiSlogy, University of
Maryland
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