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andinstitutes.Someof thesebring researchertogetherin adedicatecbuilding, somesharea
building betweerresearctgroups,while othersareinstitutional frameworkghat link people
who areseparatedby spatialdistanceor disciplinaryboundariesConsideringseveralarge
datasets;omprisingbibliometric and spatialinformation, weimplementgeospatialnetwork,
andstatisticabnalysigoolsin astudyof the MIT community overtheten-yearperiodfrom
2004to 2014 .Our approachs anovelapplicationof severabmergingsocio-spatiahnd net-
work-basednethodg4,8+13]appliedto aresearcttampudor thefirst time.

This paperinvestigateshe following questionsHow arephysicalndinstitutional organi-
zationon auniversitycampuselatedto patternsof collaborativaesearclamongits faculty?
Are thesepatternscomparabléetweermpapersand patentsTanweidentify andcharacterize
relationshipbetweerphysicaldistanceof researcherandintensityof their collaboration.even
atthe micro-scaleof auniversitycampus?

To answetthesequestionsye applyempiricalmethodsto alargedatasefrom MIT+a
researchnstitution thatis exemplaryin its collaborativescientificoutput. This paperarrivesat
aninitial understandingof the fundamentarelationshipetweerphysicalocation,institu-
tional organizationandresearctoutcomes.

Theanalysiseportedhereinrevealslearlydivergingtrendsin the compositionof collabo-
rativeteamsbetweerpapersand patentswith relativelystrongerinstitutional collaboration
for papersandmore pronouncedcross-disciplinangollaborationfor patentsWe thencon-
structamulti-layerednetwork of authors[13], andfind two significantfeaturef collabora-
tion on campusFirstly,anetworktopologyand community structurethat revealspatial
versusnstitutional collaborationtrendsamongco-inventors Secondlyand mostimportantly,
weempiricallydemonstratea persistentelationshipbetweerphysicalproximity andintensity
of collaboration[14], wellfit with anexponentiadecaymodelasalreadyobservedn collabo-
ration networksatalargergeographiscalg11,15].Thisrelationshipis consistentlyobservable
for both papersand patentsandis alsoconsistenfor exclusivelyextra-departmentacollabo-
rations.Thisis aparticularlyinterestingresult,in thatit demonstrateshe significantrole that
spatialproximity still playsin collaborativeknowledgecreationprocess+eveat the micro
(architectural)scaleconsideredn this study,and despitethe abundancef toolsfor digital
communicationandvirtual collaboration Our resultspoint to the possibilityof anatural "dis-
tancelimit' for collaborationahypothesighat couldbevalidatedby repeatinghe analysis
acrosglifferentcampuseandresearctorganizations.

Overall,our studypaveghe wayfor asetof further analyseso mapcomplexevolving
place-basedetworks.Theanalyticalapproachappliedherettostudytheinteractionsbetween
spacecollaborationandacademigerformancezisf valueasareplicablemethodologycon-
tributing aspatialdimensionto the establishedield of scientometric$6,16x23ndanet-
work-scienceapproachto spacesyntaxand planning[24+26],bringing thetwo fieldscloser
together Furthermore a multivariateanalysif scientificproductionandcollaborationpro-
videsabetterquantitativeunderstandingpf the MIT's qualitativeidentity: both the pedagogi-
calandarchitecturafoundationsof the institute emphasizeross-disciplinaritytandamerger
of theoryand practice Today,in the contextof newbuildings,researclgroups,nitiatives,and
labswith a statedambition to supportcollaboration|t is crucialto build abodyof empirical
knowledgeandspatialpracticeghatreinforcethe coreinnovation-drivenethosof MIT.

We proposethattheseanalysesould,in thefuture,beoperationalized+aadata-driven
approacho institutional policy,architecturaldesignand campusplanningtwiththe potential
to significantlyimpacton MIT. Furthermore theseframeworksmaythenbegeneralizabléo a
numberof analogougontextsacademicampuseggesearclorganizationspr neighborhood-
scalebusinesglusterd27,28].We proposethat anewapproachto socio-spatiabrganization
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may ultimatelyenrichthe designand operationof placedor knowledgecreation,supporting
the cross-disciplinargollaborativeactivity thatis increasinglyvital to researctand practice.

Results

We analyzehe scholarlyactivity of the MIT community overtheten-yearmperiodfrom 2004to
2014consideringmorethan40thousandscientificpapersand morethantwo thousandpat-

ents(Fig 1).
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Fig 1. Theratio of paper vs patent output, aggregated to the department and individual levels. Each circle represents a department, and output per
department/ per person determines position along the axes. Many departments tend to have a bias toward one output type, but a notable group produces
high relative numbers of both papers and patents. Here EECS, MechE and ChemE stand for Electrical Engineering and Computer Science, Mechanical

Engineering and Chemical Engineering respectively.

https://doi.org/1A.371/journal pne.0179334001
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Table 1. Summary of data after pre-processing. This dataset, including MIT tenure and tenure-track fac-
ulty between the years 2004 and 2014, will be used for the remainder of the study. The table lists unique docu-
ments as Observations; the average annual output of the MIT community over the time frame; observations
with more than one MIT faculty involved; total number of publishing and patenting faculty (not mutually

exclusive).

Papers Patents
Observation 40,358 2,350
Avg Annual Number of Observation 3,668.9 213.6
Collaborative Observations with >1 MIT faculty member 6,414 454
Number of Faculty 1,035 359

https://abi.org/10.1371durnal.por.0179334.t0D

Thisdatasetincluding MIT tenureandtenure-trackfacultywithin thetime frame,will be
usedfor theremainderof the study.Tablel summarizeshe datasetlisting uniquedocuments
(papersand patents)asobservationsthe averagannualoutput of the MIT community over
thetime frame;observationsvith morethanoneMIT facultyinvolved;total numberof pub-
lishingand patentingfaculty(not mutually exclusive).

Comparing paper and patent output

Betweertheyear2004and 2014 overallscientificoutput from MIT increasedTherateof
increasen publicationsremainedrelativelyconstantovertime, while the rate of patent
increasés morevariable Fit with alineargrowthmodel(R* = 0.96) paperoutput exhibitsan
averagannualincreaseof 131.58aperperyear.Althoughit appearsion-linear,wecompare
patentsto papersassumingalineargrowthmodel,andfind anaveragannualincreasef
23.84patentgperyear(R’ = 0.77) both shownin Fig 2. Theserendsarestatisticallysignificant
overthe 99%confidencenterval.

TheMIT community hasproducedanincreasinghumberof papersand patentsperyear,
but absoluteoutput numbersareverydifferentbetweerthe two output types We validatethe
differencein paperandpatentactivity and calculateherelativefrequencyof observationper
yearfor both output typestconsideringtotal output of eachas1 andannualoutput for each
yearasafraction of thetotal (Fig 2). On averagethe patentoutput of the total MIT faculty
community hasbeenincreasingat arelativerate of about1%peryearversus 3%peryearfor
papersrespectively.

Department level activity

In consideringthe entireMIT academicommunity (ratherthan adomain-specifisubsetjt
is necessario acknowledgeariationsbetweerdisciplines Somefieldsproduceknowledge
thatisinherentlyun-patentablebut thosefieldsareno lessactive A comparativeanalysif
scholarlyoutput shouldaccountfor+ or ataminimum, distinguishbetweenzfieldandsub-
fieldsof sciencgacommonpracticein scientometric$9,20+23,29,30] heresultspresented
in this paperarenot intendedasa comparisorbetweerdepartmentsbut asummaryof char-
acteristidrendsby discipline,which servego inform the interpretationof subsequentesults.

We characterizgpaperand patentoutput by 33departmentandresearclgroups(an exam-
ple of the highestproducingdepartmentsin aggregatdpr eachpublicationtypeis reportedis
in TableA in S1File). Thetop producingdepartmentdollow verydifferentpatternsovertime,
for both papersand patentsasshownin Fig 3.

Theformer maintainsafairly constantupwardtrend, within individual departmentsand
acrosghe entire publishingMIT community,while patentingis morevariable Somedepart-
mentsexhibitastrongincreaseavhile othersdo not, resultingin adivergencevertime
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Fig 2. Annual A) papers and B) patents output by MIT faculty, between 2004 and 2014, with trend lines describing growth. A) Papers are fit with
R2=0.96 p-value 0.0001 and t-value 14.12. B) A) Patents are fit with RZ = 0.77 p-value of 0.0004 and t-value of 5.45. The trends show that number of
patents (a = 0.04) are growing faster than papers (a = 0.0075).

https://doi.org/1A.371/journal pne.0179334002

(exceptinganearlyuniversaldip in 2008).Thetop five patentingdepartmentdavevery simi-
lar outputin 2004(arangeof lesghanten patentgeryear),andvarydramaticallyoverthefol-
lowing decad€to arangeof over80patentsperyear).To bettercharacterizeéhe decreasen
2008andverify thatit is not aninconsistencyn the data,we plot the samecurvefor thetop
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Fig 3. Patent and paper output per department per year. A) Paper output remains fairly constant at the department level, and as a trend across all
departments. B) Conversely, some departments exhibit a strong increase in patenting while others do not-there is a notable increase in the disparity of
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output over the course of the decade (excepting a nearly universal dip in 2008). Here EECS, MechE, ChemE, Chem, DMSE and MAS stand for
Electrical Engineering and Computer Science, Mechanical Engineering, Chemical Engineering, Chemistry, Dept of Material Science and Engineering
and Mathematics respectively.

https:/Hoi.org/10.137/ournal.pon®179334.g003

patentingresearchnstitutionsin the United State$4 1]+ Stanford CalTechandthe UC sys-
tem. A similar patternappearsparticularlyin the UC systemFurtherinvestigationof the pro-
ceduresandincentivedor patentingsuggestthat this aberrationmayhavebeenrelatedto a
bill passedy the United StatesSenateéhat changedhe funding structureof the USPTO caus-
ing atransitionto a secongair of eyesteviewsystemandresultingin asharpdecreas@
patentgrantsacrosghe country.At the departmentevel therearemeaningfultrendsin aca-
demicfieldsxforexamplein 2012,0ver50MIT physicistgincluding 6 facultymembers)vere
involvedin the breakthroughdiscoveryof the HiggsBosonparticle[42], in collaborationwith
the EuropeanOrganizationfor NuclearResearcliCERN).Thediscoveryis widelyregardedas
oneof the greatestcientificadvancesf theyear,andresultedn anumberof associategubli-
cationslt is alsopossibleo observein acoarsevay,the temporaldisparitybetweerpaper
andpatentpublicationsequencesapecificallyEECSexhibitsapeakin paperoutputaround
2010andonlyin theyeardollowing (2011+2014a steepgrowthin patentoutput.

Mapping building-level data

Eachbuilding at MIT is uniguelyallocatedisomecorrespondone-to-onewith adepartment,
othersaresharedamongseveratiepartmentsand mostdepartmentsarespreadacrosseveral
buildings.We beginby examiningthe distribution of scholarlyoutput acrosshe campus,
aggregatetb the building level.Fig 4 showsa choroplethmapof campuswith buildingscoded
accordingto aggregateolumeof scholarlyoutput for the decade.

TableC andTableD in S1File showthetop five buildingsfor eachpublicationtype,aswell
asthe output per personandthe collaborationratiotaratio of the numberof documentswith
anotherMIT facultymemberversughe numberwithout. Mapsof buildingscodedaccordingto
output perpersonareshownin Fig 4. Consideringannualoutput of buildingscanevidencehe
effectof specificeventgchangedn funding, installationof equipmentandresearchesources,
or closuresfor examplethat mayhaveinfluencedthe rateandvolumeof publication.Fig A in
S1File showsbuilding-leveltrendsfor paperand patentoutput from 2004to 2014 counting
only thoseobservationshatwerecreatedn agivenbuilding during agivenyear.

Intra-building and intra-department collaboration

ManyMIT buildingshostawide varietyof departmentslabsandresearclgroupstmorehan
sixteendistinct entitieshaveafacultymemberin Building 3, for exampleWe hypothesizehat
suchspaces$acilitateand promotecollaborativeactivity, giventhat proximity and co-location
arevital to researchparticularlyacrosglisciplinaryboundaries.

Wefirst compareratesof collaborationbetweerresearchera/ho areco-locatecandthose
who areco-affiliated.To understandhe compositionof researclieamswedefinea metric of
relativeheterogeneitgmongthe contributor group,basedn the SimpsorDiversity Index
(seeSectionC in S1File).Eachobservatior(paperor patent)is assignec valuefor building
anddepartmentiversityamongits contributors,usingthe Shannorentropyindex(seeS1
Filefor further detalils).

Fig 5 showsthe annualaverageo-affiliationindexperobservationfor thoseobservations
thatareco-authoredwith anotherMIT facultymember(of atotal 710authorsand214inven-
torscollaboratingnternallywithin MIT). Theratesof intra-building andintra-departmental
collaborationon papersareroughly parallelovertime. Patentshoweveraremorevaried+
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Fig 4. Paper and patent output per building between 2004 and 2014. On these choropleth maps, buildings are color
coded by output volume and labeled with their name (the facility code). Colors are assigned using a Jencks algorithm with

five buckets. (For a detailed list of the buildings see https://whereis.mit.edu).

https://doiorg/10.1371§urnal.pon®179334.g00
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intra-departmentatollaborationspikedin 2009 andintra-building collaborationin 2012 As
previouslydiscussedherewasauniversaldip in patentingactivityaround2008.t is possible
that,for thosepatentshatwerenonethelesgrantedin 2008+200%herewasanincreased
incentiveto co-inventwith facultymemberdrom the samedepartment.

It isimportant to contextualizeahe observedrendsof intra-MIT collaborationreportedin
Fig 5A and 5Bwith respecto generakollaborationtrends(total authors,including those
externalto MIT in Fig5C).Consideringintra-MIT andtotal collaborationoverthe sametime
period,weobservehat, for both papersandpatentsthetotal numberof collaboratoron a
givendocumentshowsaweak positivetrend betweer?2004and 2014 while the numberof
MIT facultyhasremainedrelativelyconstant(Fig 5C).Overthe sameime period,co-affilia-
tion trendsbetweerMIT facultycollaboratorss significantlydifferentbetweerpapersand
patentsThefrequencyof MIT co-authorssharingadepartmentahbffiliation or building loca-
tion hasdecreasedverthetime period (Fig 5A), while the frequencyof co-inventorssharinga
departmentakffiliation or abuilding locationhasincreasedignificantly(Fig 5B). Trendsfor
co-inventionarehighly variable differing betweennstitutional affiliation and physicaloca-
tion, but supporttheincreasingelevancef co-affiliationfor patenting.

Diverse spaces

Not everybuilding is occupiedn the samewvayt+someareallocatecentirelyto asingledepart-
mentor lab,while othershosta diversegroupof facultyfrom variousdisciplines Buildings
thathavea higherdegreeof disciplinaryheterogeneitynaybeareasf intellectualcrosspolli-
nation. Heterogeneityf facultyaffiliationscanbe quantifiedat the building level definedasa
function of the numberof facultyandthe numberof differentdepartmentsepresentedby
thosefacultymemberspsingShannon'sntropyof information (seeSectiorD in S1Filefor
further details)[43]. Asreportedin Fig 6, wefind adistribution of valuesbetweer0D (Building
E62 whichhosts93facultymembersallin 1 department)and2.54(Building 4, which hosts8
facultymemberdn 4 departments)TableC in S1File).Usingacorrelationcoefficientanaly-
sis,weexaminewhetherthereis a statisticallysignificantrelationshipbetweerbuilding hetero-
geneityandacademioutput, but, contraryto the hypothesisfind none.

A diverse crowd

Somebuildingson MIT campusareboth crowdedandheterogeneouszspasthat couldbe
consideredntellectuallyvibrant. Thosewith theleastspacdor labsand officesallocatedo the
mostdiversegroupof facultyareshownin TableC in S1File.Howeverthereisno overallcor-
relationwith eitherpaperor patentproductivity+allarebelowthetotal averagesf 6.50and
0.85 respectivelyl-urthermore thereis no statisticacorrelationbetweerdiverse crowded
buildingsandintra-building collaboration Despitethat thereareno globalcorrelations
betweerheterogeneityndoutput or crowd andoutput atthe campudevel therearenonethe-
lessnotablepatternsin outliersfor disciplinarydiversity.The buildingswith the largestabso-
lute numberof departmentgfor exampleBuilding 3, with nine departmentsor Building 32
with eightdepartmentsparealsooutliersin academimutput (thisistrue of totaland perper-
sonoutput). Simplyhavingabreadthof departmentgepresentedh the samebuilding may
promotecollaboration particularlyacrosglisciplinaryboundariesThesebuildingscould be
thoughtof ashubson campuszaconsideratiorthatimpliesa campus networkeffect.'

The effect of institutional initiatives

While the analysigpresentedofar hasrevealedon-conclusivaesultsconcerningthe effectof
spatialorganizationon academigroduction,the datasetallowsquantifyingthe effectof
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Fig 5. Intra-Building and Intra-Department activity. Each observation that has more than one MIT faculty collaborator is assigned a value (from O to 1)
such that higher values indicate a greater incidence of co-affiliation, for either a building or department. Notably, rates of collaboration within buildings and
departments have increased for patents, and decreased for papers. The latter is far more variable, and exhibited an intra-departmental peak in 2009,
followed by an intra-building peak in 2012. A) For papers we observed an average of 0.55 for building and 0.67 for Departments. B) For patents we have an

average of 0.23 and 0.42 for intra-building and intra-departments activity respectively.

https:/Hoi.org/10.137/ournal.pon®179334.9g005

variousinstitutional initiativesat MIT thatareaimedatfosteringinter-disciplinaryresearchn

emergingdfields.

Building 76,betterknown asthe Koch Institute for IntegrativeCancerResearchosts
suchaninterdisciplinarycenterfor canceresearchThe centerwasinitiated througha $100
million grantfrom DavidH. Kochin October2007 with amissionto bring togetherdistinct
approacheso cancerresearchThisfirst shift connectedesearchera/sho wereformerly
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range from 0 to 2.5, classified with a Jencks algorithm. Buildings are labeled by name (facility code). B) MIT campus
buildings, coded according the average total area of lab and office space per faculty member. There is a distribution of
values from 145ft2 to 2,065ft2 allocated per faculty member. Buildings are labeled by name (facility code).

https://doi.0g/10.1371Hurnal.pon®179334.g006

disparatan termsof affiliation, and providedfunding for researctpartnershipsin December
2010the newbuilding wasinauguratedpffering specialize@quipmentandfacilities,and
servingasanexusfor cross-disciplinaryvork.

Sincdits first patentin 2011 Building 76 quickly roseto bethetop inventing building (Fig
Ain S1File).Furthermore thebuilding hasthe highestrate of overallintra-MIT co-author-
ship,definedasthe percentagef total publicationsthat arewith anotherMIT facultymember
(TableA and TableB in S1File).While restrictedto asingleexamplepur analysisintsto a
clearsuccessf institutionalinitiativesin bringing togethemresearchersom differentfields.

Complex network analysis

WerepresentheMIT Facultyasathree-layemetworkG = (N, L, L? L?), whereN nodesrep-
resentMIT FacultyMembersandtheL”, x = 1,2,3links represenbneof threethings:acollab-
oration (1. paperor 2. patent)betweertwo nodesor the 3. physicaldistancebetweerthem.
(SeeMaterialsand Methodsfor detailednetworkgeneratiorprocess).

An initial report of the sizeand characteristipropertiesof the co-authorshipand co-in-
ventionnetworksis givenin Table2,including: nodedegredlistribution, average&lustering
coefficientandcharacteristipathlength.Fig 7 is avisualizationof the networks with the fol-
lowing notablefeaturesAverageNumberof Neighborsndicateshat MIT authorswho collab-
orateatleastoncewith anotherMIT facultymember(and,assuch,participatein the network)
haveanaveragef5.47MIT collaboratorverthe 10-yeamperiod, while collaborativanven-
torshaveanaveragef 2.51.

Thepercentagef ShortesPathsaswell asthe AverageBetweennesSentrality,andthe com-
munity structureof thetwo networks arelargelyaresultof the sizeand densityof the networks.
Finally,the Node DegreeDistribution followsa powerlawfor both networksj.e. P(x)~x7, with y =
2.1(sedFigBin S1File),suggestinghattheyarescale-freeglthoughthe sizeof the patentnetwork
istoo smallto makestrongclaimsaboutits scale-fre@roperties[31] Someconspicuoudeatures
areapparenin thevisualizationsfor examplethe Departmentof ChemicalEngineeringendsto
beverycentralto the network,with ahigh averag@egreewhile ElectricalEngineering& Com-
puter Sciencés widelydistributed,but with alow degreeFurthermore someinsulargroupsare
evident,suchasthe SloanSchoobf Managemenandthe Departmentof EconomicsWefind also
find anaveragdetweennessentralityof the co-inventionnetworkto be0.131andthe co-author-
shipnetworkto be0.016This suggestthatfor patenting,t is morecommonfor certainfacultyto

Table 2. Networks properties.

Paper Patent
Number of Nodes 710 215
Transitivity 0.233 0.234
Connected Components 19 22
Diameter 16 14
Shortest Paths 429820 19526
Characteristic Path Length 4.91 5.08
Mean Degree 5.47 2.51
Average Betweenness Centrality 0.016 0.131

https://abi.org/10.1371djurnal.por.0179334.t0D
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Fig 7. A) Co-authorship and B) co-inventor networks. Nodes represent faculty members, and node size is
determined by its degree. A link indicates one or more collaborative papers or patents, and its thickness is the weight—
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a function of number of papers between the given authors, and the total number of authors on those papers. Nodes
are colored according to department, and some notable departments are labeled. Here EECS, MechE, ChemE, BioE
and MAS stand for Electrical Engineering and Computer Science, Mechanical Engineering, Chemical Engineering,
Biological Engineering, and Mathematics respectively. Visualization has been done using Cytoscape.

https://dbi.org/10.1371djurnal.por.0179334.907

becruciallinks, asthe shortespathbetweerother patentingfaculty.Membersof communitiesin
the papemetworkaremoredenselyinterconnectedyhile the patentnetworkhaskeynodeswith
ahigh BetweennesSentrality.

Community detection and network topology

Theconceptof “cross-pollinationpresumeslistinct but interconnectedyroups.ln network
sciencg32,33],aclustertor community'tisdefinedasa group of nodesthat haveahigher
probability of beingconnectedo eachotherthanto membersof othergroups(thoughother
patternsarepossiblg34]). Our real-worldnetwork of collaborationat MIT is comprisedof
severabuchcommunities Somearegiventforexamplefacultywho areco-locatedn abuild-
ing necessariljorm aclusterin the spatialproximity network.However,communitiescan
alsobeidentified mathematicallyasa propertyof the network. Effectivelymappingthe com-
munity structureof the networksrevealgyroupsof facultywho work together howthose
groupsinterrelate andthe linking' facultythat bridgedisparategroups.Theschematicluster
definition is not sufficientto identify structurexit is necessarto specifyathresholdof com-
munity membershipCommunitiesmayoverlapaswell, sharingsomeof the nodes For
instancejn socialnetworksindividualscanbelongto differentcirclesatthe sametime, like
family, friends,work colleaguef35+37].We usethe OSLOMalgorithmz+Order Statistics
LocalOptimization Method,an algorithmthat accountdor edgeweightsoverlappingcom-
munities,hierarchiesand community dynamicq38]+to detectthe community structuresof
thenetworks(FigD in S1File).

Community detectionin networksis aproblemthatis difficult to approachasthe defini-
tion of communityitselfis evasivendhighly dependenbn the context.Consequentlythere
areno clear-cutguidelineson howto assesthe performanceof differentcommunity detection
algorithms.

Wetestedseveratommunity detectionalgorithms,andthroughacomparisornof their
performanceanddecidedo useOslom.Thisalgorithmis known to performbetterwith net-
worksthat haveoverlappingcommunitiestasve expecto bethe casdor scientificcollabora-
tion [39], particularlywithin anacademidnstitution.

Theresultingnetworktopology,algorithmicallydetermined canthenbecomparedwith
the givenbuilding-leveland department-levetommunities to understandhe relationship
betweercollaborationand co-locationor co-affiliation.

The diversity of collaborative communities

Mappinganetworkthatis clusteredoy communitiesof collaborativefacultyis visuallyinfor-
mativexfor examplecomparingavisualizationn which nodesarecoloredby department
with onein which nodesarecoloredby building. Moving beyondageneraimpressionof
diversity,weproposea simplequantitativemeasuref networktopologybasedn assortment
in community groups.Thediversityof community structurein the networkis givenby the
expression:

1 a
d; = NZ"E (1)
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whereN is the total numberof communities p; is the numberof membersof community i and
a;isthenumberof affiliationsin communityi. A high valueof d; indicatesgreaterdiversityin
the community structureof a particularnetworkxshowing for examplethat communitiesin
thenetworktendto spanacrosduildingsmorethantheyspanacrosslepartmentswWe find
thatthisis,in fact,the caseThe co-authorshimetworkis characterizedby a d valueof 0.40for
buildingsand0.29%for departmentsandthe co-inventionnetworkby d valuesof 0.51and0.70
(seeTableD in S1File). Theseattributesof networktopologyconfirm the previousstatistical
resultsbuilding-diversitywithin collaborativecommunitiesis largelyconstantput co-authors
tendto favorcollaboratorsn the samedepartmentwhile inventorscollaborateacrosglisci-
plinary boundariesintuitively, this resultpointstoward motivationsfor teamcompositiont
that co-inventorsmaycollaboratearoundprojects while co-authorscollaboratewithin
domainsof scholarship.

Proximity and collaboration

It isevidentthattherearestrongpatternsof collaborationrelatedto departmentsand build-
ingsxbutdoessimpleproximity havean effect2Jsingthe physicaldistancebetweercollabora-
tors,wetestthe hypothesighat proximity is correlatedwith co-authorshipand co-invention.
Fully confirming this hypothesiswefind thatthe probability of a collaborationbetweertwo
agentdecayexponentiallywith their spatialproximity, aspreviouslyobservedn research
thataddressealargerspatialscalg11,15].Probabilityadhere4o anegativeexponentiafunc-
tion with aremarkabledegreeof consistency+natinlike, for examplethe disseminatiorof
dandelionseedsOneis morelikely to find aseedtloseto the dandelionflower,andthe likeli-
hood of finding aseeddecay®xponentiallyasthe distancencreasedn the caseof MIT fac-
ulty, oneis morelikely to find a collaboratorcloseby. Co-authorshavea highertendencyto
collaborateat distanced, suggestingo-authorshipwithin alaboratoryor departmentwhile
co-inventionis moreregularlyspacedlongthe exponentiaturve(Fig 8). The probability f{x)
isgivenby:

fx) = ae™ (2)
Theparametershatfit with the highestcorrelationasshownin Fig 8.

Proximity and cross-disciplinary collaboration

Onecouldimaginethattherelationshipbetweerproximity and output asevaluatec&bove+
andparticularlyco-authorshipat distancevalue0 tisafunction of co-locationin the same
building. Thatis, that the relationshipbetweermproximity andcollaborationmaybeskeweddy
tightly clusteredandinternally collaborativedepartmentsvhich arealsoco-locatedTo control
for this, we plot the sameproximity function, specificallyfor pairsof collaboratorgrom differ-
entdepartmentsAswith thetotal datasetthe decayof collaborationfrequencyoverspacex
evenin the specificcaseof cross-departmentalollaborationisnodeledby a negativeexpo-
nentialfunction. For both papersand patentsthefitting curvehasa strongstatisticakignifi-
cancg(Fig 8). This clearlyindicatesthat spatialproximity, evenwhennot inducedby
institutional co-location playsadefiniterole in academicollaboration.

Discussion

Throughstatisticalgeographicand network analysesye makeanumberof observations
aboutsocio-spatiatollaborationdynamicswithin the MIT community.Betweertheyears
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Fig 8. Therelative frequency of collaborations between MIT faculty, plotted against their spatial
distance on campus. A) Papers and B) Patents. As distance between two faculty members increases, the
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likelihood of their collaboration decreases according to a negative exponential function. The same pattern
holds true for patents and papers. Papers are fit with RZ = 0.98 while patents with R% = 0.99.

https://abi.org/10.1371durnal.por.0179334.908

2004and2014 MIT facultyproducedover40,00(apersand2,300patentspf which 6,414
and454 respectivelyinvolvedmorethanoneMIT facultymember.Our preliminary analysis
confirmedunderlyingcharacteristicef academialisciplinesthe factof publishinga paperis
differentacrosdields,and someareaf academiaimply do not producepatentstdisparities
thatareclearlyevidentin adepartment-levehnalysisin light of theliteratureon collaboration
andco-locationwetestedseverabuilding-levelattributestincluding centralpositioningon
campusgcrowdednessand heterogeneityf departmentaffiliationstandiound that their
effectsarenegligible Our initial hypothesisvasthat centrallypositioned denselypopulated
andmulti-disciplinary spacesvould beactivehotspotsof collaboration put thesebuilding
characteristicarenot statisticallycorrelatedwith productivity, usingthe measuresppliedin
this study.This might berelatedto the factthat the outcomeof amulti-disciplinary collabora-
tion is not necessarilplargeracademioutput. Multidisciplinary researctoutletsareoften
more selectivehan disciplinaryones suggestinghat the impactof multi-disciplinary collabo-
ration shouldbemeasureaonsideringa broaderrangeof metrics.Contraryto theliterature
andintuition, building-specifidactors(suchasheterogeneitycrowdednesstc.)hadno sig-
nificant effecton scientificoutput of MIT faculty,suggestinghat our strategyfor quantifying
thosefactorsmaybeincomplete Neverthelessye observedhatthosebuildingswith the great-
estabsolutenumberof departmentarealsooutliersin productivity andcollaboration.These
outliers,then,canbeunderstoodashotspotsdespitethat thereis no globallinear correlation.
Overthe 10-yeaperiod of analysisthe MIT community asawholepublishedand patented
with anincreasinghumberof total collaboratorson eachdocument.Therateof collaboration
betweerMIT facultyhasremainedrelativelyconstantsavefor threenotableexceptionsin
2009and 2014therewasmore co-inventionamongMIT faculty,andin 2012therewasmore
internal co-authorship.

A topology-baseeévaluatiorof collaborativenetworksrevealshe compositionandinterac-
tion of collaborativeclustersin the publicationnetwork,communitiesaremore strongly
relatedto departmentsywhereasn the patentnetwork,communitiesaremore heterogeneous
overall,andhaveatendencyto alignwith buildings.This suggestthat co-inventorsorganize
aroundideasor projectswhile co-authorsorganizearounddisciplinaryareas3afinding that
reconfirmsthe statisticaresultsrelatedto teamcomposition.Overall theseresultsreflectfac-
ulty memberspracticalmotivationsfor working together:cco-inventorscollaboratearound
projects benefittedby sharedequipmentand a breadthof expertisewhile co-authorscollabo-
ratewithin domainsof scholarshigo advancehe knowledgeof aparticularsubject.

Finally,wetestedhe effectof spatialproximity on collaboration Regardlessf co-location
in aspecifichuilding, wefound a persistentelationshipbetweerspatialproximity andthefre-
quencyof collaborationwell fit with anexponentiadecaymodel.Building on that observa-
tion, wesuggesthe possibilityof asignificant distancdimit' for co-authorsandanoptimal
“goldilockdistancebetweerinventor pairs.

Moving forward, the presentanalysicanbesupplementedn anumberof ways Alternate
analyticaldesignssuchasadifferencein difference4,40]approachgcould more effectively
isolatevariablesFurthermore,introducingtime in the networkanalysiga dynamicsystem
approachxanbettershowcommunity formation,and exploringpossibilitiesor evaluating
the processesf collaborationjn additionto its products(for examplepy creatinganother
networklayerfrom digital communicationamongfacultymembers)anaddressollabora-
tion not observedn papersor patentsTogetherthesedetailedanalysesanprovidean
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understandingof academiaynamicsovertime and spacerevealingheimpactof spatialand
institutional configurationson collaborativeesearctbetweerfacultymembersatMIT. Socio-
spatialnetworkanalysigs of practicalinterestto MIT's scientificcommunity,to campusplan-
nersandadministratorsandto the individual facultymembersvho areengagedn research
activity. Empiricalanalysi®f interrelatednetworksand academioutput on this campus
advancethe broaderknowledgeof complexrelationshipdetweerarchitecturejnstitutions
andcollaboration.Theseresultssuggesbpportunitiesfor future researchWe proposethatthe
methodsimplementedfor the presentanalysicouldbeappliedto largerdatasetshat span
acrosseveratesearchinstitutionsor shiftsin spatialand physicalorganizationto arriveata
comprehensivandcausahnswerto theresearclguestionsThemethodsandresultsarepar-
ticularly salientin the contextof increasingljteam-basedcienceandemphasi®n cross-disci-
plinary research.

Materials and methods

We positthatthe spatialorganizationof MIT facultyis animportant factorof the knowledge
creationprocessand examinethe waysin whichthis is manifestin scholarlyoutput,including
rate,volume,authorshipand collaborationpatternsof publishingand patenting.To approach
this questionweinvestigatea numberof sub-hypotheses:

1. Building heterogeneityco-locationof facultyfrom differentdepartments}s positivelycor-
relatedwith cross-disciplinaryollaboration poth internaland externalto the building.

2. Facultytendto collaboratewithin buildings,andwith colleaguesvho haveahigherdegree
of spatialproximity (anegativecorrelationbetweerdistanceandprobability of collabora-
tion) evenif collaboratorsarein differentdepartments.

3. Thecommunity structureof the co-authorshipnetwork hasa higherdegreeof similarity to
departmentsr initiatives,and the community structureof the co-inventionnetwork hasa
higherdegreeof similarity to buildings.

Anecdotallyweexperienceertainbuildingsascollaborativehubstremarkablyactive,
denselyandheterogeneouslyopulatedspacesTheseplayanimportantrolein initiating con-
tactamongresearcherspecificallythosefrom differentdisciplineswho would not otherwise
meet.As such wesuggesthatresearchersitedin hub spaceswvill exhibitahigherinstanceof
cross-disciplinangollaboration.

Similarly,becausspatialproximity+regardlessf specifichuilding locationtisanimportant
determinantof regularcommunicationanda crucialelementof successfutollaborativenork,
weproposethatit will beassociatedvith higherincidenceof collaborationregardlessf the
specificbuilding. Thesecharacteristisocio-spatiapatternswill bedifferentbetweerpapers
andpatentsasaresultof theinherentdisparitybetweercollaborationprocessegelatedto the
useof technicalequipment researchab structure anddifferenceghe definition of publishable
novelty),disciplinaryfields,andacademimormsfor attribution betweerpapersandpatents.
Acknowledginghatdifference weemphasizéhat the purposeof this studyis not to demon-
stratethe differencedetweerscientificoutput types.

Threeoriginal databaseareimplementedn the presentstudy:1. Institute Directory; 2.
Publication;3. Patent.Thesehreedatabasearelinked usingthe MIT IdentificationNumber:
aunique9-digit numericalvalueassignedo eachMIT affiliate,which persistshroughchanges
in affiliation overtime. Thelinked datais limited, by time andscopefo ensureprecision,as
detailedbelow.Thetruncateddatais thenprocessetb derivesecond-ordewrariablege.g.a
facultymember'satio of paperdo patents) aswellasaggregate@e.g.to the departmentor
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building level)andlinked to auxiliarydata(e.g.mappedto building footprintsto calculategeo-
deticdistancebetweerfaculty). Thefinal datasespan2004+2014ndencompasset,358
papers2,350patentsand 1,057MIT faculty.Datasetsindkeyattributesaresummarizedn
Tablel. An extensivalescriptionof the databasesedin this researctandthe dataprocessing
analysigsreportedin SectiorBin S1File.

Complex network analysis

Layer 1: Proximity. Asdistinctfrom “centrality, wedefine proximity' asanattribute of
facultycollaboratorpairsf;. Usingfloor (F) andbuilding (B) attributesof eachfacultymember,
aproximity valuep canbecalculatedor everylink in theMIT facultycollaborationnetwork.
Theproximity indexis ahierarchicaldistancefunction that accountdor both distance
betweerbuildingsAB;; (measuredn linearfeetbetweerbuilding footprint centroids),anddif-
ferencen floorsAF;

Leti andj betwo nodes(faculty)in the MIT collaborationnetwork,anddefine4B;; asthe
geodesidistancebetweerthe centroidsof buildings B; and B; wherei and;j arelocated Fur-
thermore letAF; = | F-F; | bethefloor differencebetweerthe locationof i andj, whereF, is
anintegerrepresentinghefloor in building B, wherex is located We introduceascaldactor,
d, to accountfor the differencein units of measurdetweemF;; andAB; andcalculatef such
that:

d(max(AF) ) < min(AB){mn_’_'_’ij} (3)

{mn,.....ij}

Theproximity valuep; is thendefinedas:
d(AF;) if B;,=B

= 4
ABij + d(F, + F]) otherwise @

pzj

For eachedgef;; the proximity indexp;; isameasureof differencein floorsAF; andgeodetic
distancebetweercentroidsof buildingsAB;. Acknowledginghatlinear horizontaldistance
betweerbuildingsis experientiallywerydifferentfrom verticaldifferencebetweerfloors,we
nonethelesdefinethe proximity valueasafunction of thetwo. A scaleactorof d isintro-
ducedto adjustfloor valuessuchthat theyarecomparablédo distancevaluesHowever for the
scopeof the presentstudy,we do not attemptan empiricalspacesyntaxto bettersynthesize
multiple distancemetrics[25,26].Defining abetterquantitativemeasureof functionaldistance
isapromisingavenueof further research.

Layer 2: Co-authorship index. Thepublicationvalueis summarizedasascalaindexof
scientificproductivity. Eachnodecorresponddo oneauthori andalink betweertwo
authorsi andj existsif andonly if thetwo authorshavecollaboratedatleastonetime on the
samepaper Links areweightedwith avaluerepresentingheintensityof collaboration
betweertherespectivactors.Giventhat the purposeof the networkanalysiss to better
understandspatialrelationshipstfoexampleco-locationandfrequencyof contactbetween
collaboratorstwéncludethetotal numberof co-authorspresumingthat the spatialdynam-
icsof collaborationbetweerateamof two is differentfrom the dynamicsbetweerateamof
ten[20].

Thepublicationedgeweight(b;;) accountdor the numberof co-authoredpapersetween
facultyi andj andthe numberof total co-authorsfor thosepapergMIT facultyandnon-MIT
faculty).As such theweightof alink summarizesot only co-productivitybetweercollabora-
tors,but alsothewayin whichthosecollaborationsverecarriedout. Supposéhat two authors
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i andj havecollaborateds; timesin n; differentpapersthenthe weightw;, is givenby:
W (5)
DDA CAESY
Wheren,” is equalto the numberof total co-authorson paperk.

Layer 3: Co-invention index. Similarto co-publicationaweightedink is usedto repre-
sentintensity of co-patentingactivity. A summaryof the sizeand characteristipropertiesof
the co-authorshipandco-inventionnetworksis shownbelow,and networkdegreedistribution
isreportedin FigBin S1File,while detailednetworksfeaturesarereportedin Table2 includ-
ing: nodedegredlistribution, transitivity, and characteristipathlength.Notablefeatures
includethefollowing: AverageNumberof Neighborsindicatesthat MIT authorswho collabo-
rateatleastoncewith anotherMIT facultymember(and,assuch participatein the network)
haveanaverag®f5.47MIT collaboratorooverthe 10yearperiod,while collaborativenven-
torshaveanaverag®f 2.51 Furthermore the percentagef ShortesPathsaswell asthe Aver-
ageBetweennesSentrality,evidencelifferencesn the community structureof thetwo
networks.Finally,the Node DegreeDistribution followsa powerlawfor both networks(Fig B
in S1File),suggestinghattheyarescale-freealthoughthe sizeof the patentnetworkis too
smallto makeclaimsaboutits scale-fregropertieq31]. Someconspicuougeaturesareappar-
entin the visualizationdelow+for examplethatthe Departmentof ChemicalEngineering
tendsto beverycentralto the papernetwork,with ahigh averagelegreewhile ElectricalEngi-
neering& ComputerSciences widelydistributed,but with alow degreeFurthermore some
groupsemergesuchasthe SloanSchoolbf Managementindthe Departmentof Economics.

Supporting information

S1 File. Supplementary text. Thistextcontainsan extensivditeraturereview,acomplete
descriptionof the dataanalysigprocedurethe formula of the SimpsorDiversity Indexandthe
ShannorEntropyof Information. Supplementaryrablesand Figuresareincludedatthe end.
(PDF)
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