


andinstitutes.Someof thesebring researcherstogetherin adedicatedbuilding,somesharea
building betweenresearchgroups,whileothersareinstitutional frameworksthat link people
whoareseparatedbyspatialdistanceor disciplinaryboundaries.Consideringseverallarge
datasets,comprisingbibliometricandspatialinformation,weimplementgeospatial,network,
andstatisticalanalysistoolsin astudyof theMIT communityovertheten-yearperiodfrom
2004to 2014.Our approachisanovelapplicationof severalemergingsocio-spatialandnet-
work-basedmethods[4,8±13],appliedto aresearchcampusfor thefirst time.

Thispaperinvestigatesthefollowingquestions:How arephysicalandinstitutionalorgani-
zationon auniversitycampusrelatedto patternsof collaborativeresearchamongits faculty?
Are thesepatternscomparablebetweenpapersandpatents?Canweidentify andcharacterizea
relationshipbetweenphysicaldistanceof researchersandintensityof their collaboration,even
at themicro-scaleof auniversitycampus?

To answerthesequestions,weapplyempiricalmethodsto alargedatasetfrom MIT±a
researchinstitution that isexemplaryin its collaborativescientificoutput.Thispaperarrivesat
aninitial understandingof thefundamentalrelationshipsbetweenphysicallocation,institu-
tional organization,andresearchoutcomes.

Theanalysisreportedhereinrevealsclearlydivergingtrendsin thecompositionof collabo-
rativeteamsbetweenpapersandpatents,with relativelystrongerinstitutional collaboration
for papersandmorepronouncedcross-disciplinarycollaborationfor patents.Wethencon-
structamulti-layerednetworkof authors[13], andfind two significantfeaturesof collabora-
tion on campus.Firstly,anetworktopologyandcommunitystructurethat revealsspatial
versusinstitutional collaborationtrendsamongco-inventors.Secondlyandmostimportantly,
weempiricallydemonstrateapersistentrelationshipbetweenphysicalproximity andintensity
of collaboration[14], well fit with anexponentialdecaymodelasalreadyobservedin collabo-
ration networksatalargergeographicscale[11,15].Thisrelationshipisconsistentlyobservable
for bothpapersandpatents,andisalsoconsistentfor exclusivelyextra-departmental collabo-
rations.This isaparticularlyinterestingresult,in that it demonstratesthesignificantrole that
spatialproximity still playsin collaborativeknowledgecreationprocess±evenat themicro
(architectural)scaleconsideredin thisstudy,anddespitetheabundanceof toolsfor digital
communicationandvirtual collaboration.Our resultspoint to thepossibilityof anatural`dis-
tancelimit' for collaboration,ahypothesisthatcouldbevalidatedby repeatingtheanalysis
acrossdifferentcampusesandresearchorganizations.

Overall,our studypavesthewayfor asetof further analysesto mapcomplexevolving
place-basednetworks.Theanalyticalapproachappliedhere±tostudytheinteractionsbetween
space,collaboration,andacademicperformance±isof valueasareplicablemethodology,con-
tributing aspatialdimensionto theestablishedfield of scientometrics[6,16±23]andanet-
work-scienceapproachto spacesyntaxandplanning[24±26],bringing thetwo fieldscloser
together.Furthermore,amultivariateanalysisof scientificproductionandcollaborationpro-
videsabetterquantitativeunderstandingof theMIT's qualitativeidentity:both thepedagogi-
calandarchitecturalfoundationsof theinstituteemphasizecross-disciplinarityandamerger
of theoryandpractice.Today,in thecontextof newbuildings,researchgroups,initiatives,and
labswith astatedambition to supportcollaboration,it iscrucialto build abodyof empirical
knowledgeandspatialpracticesthat reinforcethecoreinnovation-drivenethosof MIT.

Weproposethat theseanalysescould,in thefuture,beoperationalized±asadata-driven
approachto institutionalpolicy,architecturaldesignandcampusplanning±withthepotential
to significantlyimpacton MIT. Furthermore,theseframeworksmaythenbegeneralizableto a
numberof analogouscontexts:academiccampuses,researchorganizations,or neighborhood-
scalebusinessclusters[27,28].Weproposethatanewapproachto socio-spatialorganization
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mayultimatelyenrichthedesignandoperationof placesfor knowledgecreation,supporting
thecross-disciplinarycollaborativeactivitythat is increasinglyvital to researchandpractice.

Results

Weanalyzethescholarlyactivityof theMIT communityovertheten-yearperiodfrom 2004to
2014consideringmorethan40thousandscientificpapersandmorethantwo thousandpat-
ents(Fig1).

B

A

Fig 1. The ratio 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/10.1371/journal.pone.0179334.g001
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Thisdataset,includingMIT tenureandtenure-trackfacultywithin thetime frame,will be
usedfor theremainderof thestudy.Table1 summarizesthedataset,listinguniquedocuments
(papersandpatents)asobservations;theaverageannualoutputof theMIT communityover
thetime frame;observationswith morethanoneMIT facultyinvolved;totalnumberof pub-
lishingandpatentingfaculty(not mutuallyexclusive).

Comparing paper and patent output

Betweentheyears2004and2014,overallscientificoutput from MIT increased.Therateof
increasein publicationsremainedrelativelyconstantovertime,while therateof patent
increaseismorevariable.Fit with alineargrowthmodel(R2 = 0.96),paperoutputexhibitsan
averageannualincreaseof 131.58papersperyear.Althoughit appearsnon-linear,wecompare
patentsto papersassumingalineargrowthmodel,andfind anaverageannualincreaseof
23.84patentsperyear(R2 = 0.77),bothshownin Fig2.Thesetrendsarestatisticallysignificant
overthe99%confidenceinterval.

TheMIT communityhasproducedanincreasingnumberof papersandpatentsperyear,
but absoluteoutputnumbersareverydifferentbetweenthetwo output types.Wevalidatethe
differencein paperandpatentactivityandcalculatetherelativefrequencyof observationsper
yearfor bothoutput types±consideringtotaloutputof eachas1andannualoutput for each
yearasafractionof thetotal (Fig2).On average,thepatentoutputof thetotalMIT faculty
communityhasbeenincreasingatarelativerateof about1%peryearversus.3%peryearfor
papers,respectively.

Department level activity

In consideringtheentireMIT academiccommunity(ratherthanadomain-specificsubset)it
isnecessaryto acknowledgevariationsbetweendisciplines.Somefieldsproduceknowledge
that is inherentlyun-patentable,but thosefieldsareno lessactive.A comparativeanalysisof
scholarlyoutputshouldaccountfor± or ataminimum, distinguishbetween±fieldsandsub-
fieldsof science(acommonpracticein scientometrics[9,20±23,29,30]).Theresultspresented
in thispaperarenot intendedasacomparisonbetweendepartments,but asummaryof char-
acteristictrendsbydiscipline,whichservesto inform theinterpretationof subsequentresults.

Wecharacterizepaperandpatentoutputby33departmentsandresearchgroups(anexam-
pleof thehighestproducingdepartments,in aggregate,for eachpublicationtypeis reportedis
in TableA in S1File).Thetop producingdepartmentsfollow verydifferentpatternsovertime,
for bothpapersandpatentsasshownin Fig3.

Theformermaintainsafairly constantupwardtrend,within individual departmentsand
acrosstheentirepublishingMIT community,whilepatentingismorevariable.Somedepart-
mentsexhibitastrongincreasewhileothersdo not, resultingin adivergenceovertime

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://doi.org/10.1371/journal.pone.0179334.t001
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(exceptinganearlyuniversaldip in 2008).Thetop fivepatentingdepartmentshaveverysimi-
lar output in 2004(arangeof lessthantenpatentsperyear),andvarydramaticallyoverthefol-
lowingdecade(to arangeof over80patentsperyear).To bettercharacterizethedecreasein
2008andverify that it isnot aninconsistencyin thedata,weplot thesamecurvefor thetop

A

B

2004 2006 2008 2010 2012 2014
0
50

100

150

200

250

300

350

400

P
at
en
ts

Year

2004 2006 2008 2010 2012 2014
0

500

1000

1500

2000

2500

3000

3500

4000

Year

P
ap
er
s

f(x) = mx + b
m ~ 0.0075

f(x) = mx + b
m ~ 0.04

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 R2 = 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/10.1371/journal.pone.0179334.g002
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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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patentingresearchinstitutionsin theUnited States[41]±Stanford,CalTechandtheUC sys-
tem.A similarpatternappears,particularlyin theUC system.Furtherinvestigationof thepro-
ceduresandincentivesfor patentingsuggeststhat thisaberrationmayhavebeenrelatedto a
bill passedby theUnited StatesSenatethatchangedthefundingstructureof theUSPTO,caus-
ing atransitionto a`secondpair of eyes'reviewsystem,andresultingin asharpdecreasein
patentgrantsacrossthecountry.At thedepartmentlevel,therearemeaningfultrendsin aca-
demicfields±forexample,in 2012,over50MIT physicists(including 6 facultymembers)were
involvedin thebreakthroughdiscoveryof theHiggsBosonparticle[42], in collaborationwith
theEuropeanOrganizationfor NuclearResearch(CERN).Thediscoveryiswidelyregardedas
oneof thegreatestscientificadvancesof theyear,andresultedin anumberof associatedpubli-
cations.It isalsopossibleto observe,in acoarseway,thetemporaldisparitybetweenpaper
andpatentpublicationsequences±specifically,EECSexhibitsapeakin paperoutputaround
2010,andonly in theyearsfollowing(2011±2014)asteepgrowthin patentoutput.

Mapping building-level data

Eachbuilding atMIT isuniquelyallocated±somecorrespondone-to-onewith adepartment,
othersaresharedamongseveraldepartments,andmostdepartmentsarespreadacrossseveral
buildings.Webeginbyexaminingthedistribution of scholarlyoutputacrossthecampus,
aggregatedto thebuilding level.Fig4showsachoroplethmapof campuswith buildingscoded
accordingto aggregatevolumeof scholarlyoutput for thedecade.

TableC andTableD in S1Fileshowthetop fivebuildingsfor eachpublicationtype,aswell
astheoutputperpersonandthecollaborationratio±aratio of thenumberof documentswith
anotherMIT facultymemberversusthenumberwithout.Mapsof buildingscodedaccordingto
outputperpersonareshownin Fig4.Consideringannualoutputof buildingscanevidencethe
effectof specificevents(changesin funding,installationof equipmentandresearchresources,
or closures,for example)thatmayhaveinfluencedtherateandvolumeof publication.FigA in
S1Fileshowsbuilding-leveltrendsfor paperandpatentoutput from 2004to 2014,counting
only thoseobservationsthatwerecreatedin agivenbuilding during agivenyear.

Intra-building and intra-department collaboration

ManyMIT buildingshostawidevarietyof departments,labsandresearchgroups±morethan
sixteendistinctentitieshaveafacultymemberin Building3,for example.Wehypothesizethat
suchspacesfacilitateandpromotecollaborativeactivity,giventhatproximity andco-location
arevital to research,particularlyacrossdisciplinaryboundaries.

Wefirst compareratesof collaborationbetweenresearcherswhoareco-locatedandthose
whoareco-affiliated.To understandthecompositionof researchteams,wedefineametricof
relativeheterogeneityamongthecontributor group,basedon theSimpsonDiversityIndex
(seeSectionC in S1File).Eachobservation(paperor patent)isassignedavaluefor building
anddepartmentdiversityamongits contributors,usingtheShannonentropyindex(seeS1
Filefor further details).

Fig5showstheannualaverageco-affiliationindexperobservation,for thoseobservations
thatareco-authoredwith anotherMIT facultymember(of atotal710authorsand214inven-
torscollaboratinginternallywithin MIT). Theratesof intra-building andintra-departmental
collaborationon papersareroughlyparallelovertime.Patents,however,aremorevaried±

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://doi.org/10.1371/journal.pone.0179334.g003
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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://doi.org/10.1371/journal.pone.0179334.g004
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intra-departmentalcollaborationspikedin 2009,andintra-building collaborationin 2012.As
previouslydiscussed,therewasauniversaldip in patentingactivityaround2008.It ispossible
that,for thosepatentsthatwerenonethelessgrantedin 2008±2009,therewasanincreased
incentiveto co-inventwith facultymembersfrom thesamedepartment.

It is important to contextualizetheobservedtrendsof intra-MIT collaborationreportedin
Fig5A and5Bwith respectto generalcollaborationtrends(total authors,including those
externalto MIT in Fig5C).Consideringintra-MIT andtotal collaborationoverthesametime
period,weobservethat,for bothpapersandpatents,thetotalnumberof collaboratorson a
givendocumentshowsaweak,positivetrendbetween2004and2014,while thenumberof
MIT facultyhasremainedrelativelyconstant(Fig5C).Overthesametime period,co-affilia-
tion trendsbetweenMIT facultycollaboratorsissignificantlydifferentbetweenpapersand
patents.Thefrequencyof MIT co-authorssharingadepartmentalaffiliation or building loca-
tion hasdecreasedoverthetime period(Fig5A),while thefrequencyof co-inventorssharinga
departmentalaffiliation or abuilding locationhasincreasedsignificantly(Fig5B).Trendsfor
co-inventionarehighlyvariable,differing betweeninstitutionalaffiliation andphysicalloca-
tion, but supporttheincreasingrelevanceof co-affiliationfor patenting.

Diverse spaces

Not everybuilding isoccupiedin thesameway±someareallocatedentirelyto asingledepart-
mentor lab,whileothershostadiversegroupof facultyfrom variousdisciplines.Buildings
thathaveahigherdegreeof disciplinaryheterogeneitymaybeareasof intellectualcrosspolli-
nation.Heterogeneityof facultyaffiliationscanbequantifiedat thebuilding level,definedasa
function of thenumberof facultyandthenumberof differentdepartmentsrepresentedby
thosefacultymembers,usingShannon'sentropyof information (seeSectionD in S1Filefor
further details)[43]. Asreportedin Fig6,wefind adistribution of valuesbetween0 (Building
E62,whichhosts93facultymembers,all in 1department),and2.54(Building4,whichhosts8
facultymembersin 4departments)(TableC in S1File).Usingacorrelationcoefficientanaly-
sis,weexaminewhetherthereisastatisticallysignificantrelationshipbetweenbuilding hetero-
geneityandacademicoutput,but,contraryto thehypothesis,find none.

A diverse crowd

Somebuildingson MIT campusarebothcrowdedandheterogeneous±spacesthatcouldbe
consideredintellectuallyvibrant.Thosewith theleastspacefor labsandofficesallocatedto the
mostdiversegroupof facultyareshownin TableC in S1File.However,thereisno overallcor-
relationwith eitherpaperor patentproductivity±allarebelowthetotalaveragesof 6.50and
0.85,respectively.Furthermore,thereisno statisticalcorrelationbetweendiverse,crowded
buildingsandintra-building collaboration.Despitethat thereareno globalcorrelations
betweenheterogeneityandoutputor crowdandoutputat thecampuslevel,therearenonethe-
lessnotablepatternsin outliersfor disciplinarydiversity.Thebuildingswith thelargestabso-
lutenumberof departments(for example,Building3,with ninedepartments,or Building32
with eightdepartments)arealsooutliersin academicoutput (this is trueof totalandperper-
sonoutput).Simplyhavingabreadthof departmentsrepresentedin thesamebuilding may
promotecollaboration,particularlyacrossdisciplinaryboundaries.Thesebuildingscouldbe
thoughtof ashubson campus±aconsiderationthat impliesacampus̀ networkeffect.'

The effect of institutional initiatives

While theanalysispresentedsofar hasrevealednon-conclusiveresultsconcerningtheeffectof
spatialorganizationon academicproduction,thedatasetallowsquantifyingtheeffectof
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variousinstitutional initiativesatMIT thatareaimedat fosteringinter-disciplinaryresearchin
emergingfields.

Building76,betterknownastheKochInstitute for IntegrativeCancerResearch,hosts
suchaninterdisciplinarycenterfor cancerresearch.Thecenterwasinitiated througha$100
million grantfrom DavidH. Kochin October2007,with amissionto bring togetherdistinct
approachesto cancerresearch.Thisfirst shift connectedresearcherswhowereformerly
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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 0 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://doi.org/10.1371/journal.pone.0179334.g005
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Fig 6. MIT Buildings Heterogeneity. A) Campus buildings, coded according to heterogeneity, as calculated using the

Shannon measure of information entropy. This shows variation in faculty departmental affiliations per building. Values
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disparatein termsof affiliation,andprovidedfunding for researchpartnerships.In December
2010,thenewbuilding wasinaugurated,offeringspecializedequipmentandfacilities,and
servingasanexusfor cross-disciplinarywork.

Sinceits first patentin 2011,Building76quicklyroseto bethetop inventingbuilding (Fig
A in S1File).Furthermore,thebuilding hasthehighestrateof overallintra-MIT co-author-
ship,definedasthepercentageof totalpublicationsthatarewith anotherMIT facultymember
(TableA andTableB in S1File).While restrictedto asingleexample,our analysishints to a
clearsuccessof institutional initiativesin bringing togetherresearchersfrom differentfields.

Complex network analysis

WerepresenttheMIT Facultyasathree-layernetworkG = (N, L1, L2, L3), whereN nodesrep-
resentMIT FacultyMembersandtheLx, x = 1,2,3 links representoneof threethings:acollab-
oration(1.paperor 2.patent)betweentwo nodes,or the3.physicaldistancebetweenthem.
(SeeMaterialsandMethodsfor detailednetworkgenerationprocess).

An initial reportof thesizeandcharacteristicpropertiesof theco-authorshipandco-in-
ventionnetworksisgivenin Table2,including:nodedegreedistribution,averageclustering
coefficient,andcharacteristicpathlength.Fig7 isavisualizationof thenetworks,with thefol-
lowingnotablefeatures:AverageNumberof NeighborsindicatesthatMIT authorswhocollab-
orateat leastoncewith anotherMIT facultymember(and,assuch,participatein thenetwork)
haveanaverageof 5.47MIT collaboratorsoverthe10-yearperiod,whilecollaborativeinven-
torshaveanaverageof 2.51.

Thepercentageof ShortestPaths,aswellastheAverageBetweennessCentrality,andthecom-
munity structureof thetwo networks,arelargelyaresultof thesizeanddensityof thenetworks.
Finally,theNodeDegreeDistribution followsapowerlawfor bothnetworks,i.e.P(x)~x-γ, with γ =
2.1 (seeFigBin S1File),suggestingthat theyarescale-free,althoughthesizeof thepatentnetwork
is toosmallto makestrongclaimsaboutits scale-freeproperties[31].Someconspicuousfeatures
areapparentin thevisualizations±for example,theDepartmentof ChemicalEngineeringtendsto
beverycentralto thenetwork,with ahighaveragedegree,whileElectricalEngineering& Com-
puterScienceiswidelydistributed,but with alow degree.Furthermore,someinsulargroupsare
evident,suchastheSloanSchoolof ManagementandtheDepartmentof Economics.Wefind also
find anaveragebetweennesscentralityof theco-inventionnetworkto be0.131andtheco-author-
shipnetworkto be0.016Thissuggeststhatfor patenting,it ismorecommonfor certainfacultyto

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.org/10.1371/journal.pone.0179334.g006

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://doi.org/10.1371/journal.pone.0179334.t002
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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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becruciallinks,astheshortestpathbetweenotherpatentingfaculty.Membersof communitiesin
thepapernetworkaremoredenselyinterconnected,whilethepatentnetworkhaskeynodeswith
ahighBetweennessCentrality.

Community detection and network topology

Theconceptof `cross-pollination'presumesdistinctbut interconnectedgroups.In network
science[32,33],acluster±or̀ community'±isdefinedasagroupof nodesthathaveahigher
probabilityof beingconnectedto eachotherthanto membersof othergroups(thoughother
patternsarepossible[34]). Our real-worldnetworkof collaborationatMIT iscomprisedof
severalsuchcommunities.Somearegiven±forexample,facultywhoareco-locatedin abuild-
ing necessarilyform aclusterin thespatialproximity network.However,communitiescan
alsobeidentifiedmathematically,asapropertyof thenetwork.Effectivelymappingthecom-
munity structureof thenetworksrevealsgroupsof facultywhowork together,howthose
groupsinterrelate,andthe`linking' facultythatbridgedisparategroups.Theschematiccluster
definition isnot sufficientto identify structure±it isnecessaryto specifyathresholdof com-
munity membership.Communitiesmayoverlapaswell,sharingsomeof thenodes.For
instance,in socialnetworksindividualscanbelongto differentcirclesat thesametime, like
family,friends,work colleagues[35±37].WeusetheOSLOMalgorithm±OrderStatistics
LocalOptimizationMethod,analgorithmthataccountsfor edgeweights,overlappingcom-
munities,hierarchiesandcommunitydynamics[38]±todetectthecommunitystructuresof
thenetworks(FigD in S1File).

Communitydetectionin networksisaproblemthat isdifficult to approach,asthedefini-
tion of communityitselfisevasiveandhighlydependenton thecontext.Consequently,there
areno clear-cutguidelineson howto assesstheperformanceof differentcommunitydetection
algorithms.

Wetestedseveralcommunitydetectionalgorithms,andthroughacomparisonof their
performance,anddecidedto useOslom.Thisalgorithmisknown to performbetterwith net-
worksthathaveoverlappingcommunities±asweexpectto bethecasefor scientificcollabora-
tion [39], particularlywithin anacademicinstitution.

Theresultingnetworktopology,algorithmicallydetermined,canthenbecomparedwith
thegivenbuilding-levelanddepartment-levelcommunities,to understandtherelationship
betweencollaborationandco-locationor co-affiliation.

The diversity of collaborative communities

Mappinganetworkthat isclusteredbycommunitiesof collaborativefacultyisvisuallyinfor-
mative±for example,comparingavisualizationin whichnodesarecoloredbydepartment
with onein whichnodesarecoloredbybuilding.Moving beyondageneralimpressionof
diversity,weproposeasimplequantitativemeasureof networktopologybasedon assortment
in communitygroups.Thediversityof communitystructurein thenetworkisgivenby the
expression:

di ¼
1

N
P

i
ai

pi
ð1Þ

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://doi.org/10.1371/journal.pone.0179334.g007
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whereN is thetotalnumberof communities,pi is thenumberof membersof community i and
ai is thenumberof affiliationsin communityi. A highvalueof di indicatesgreaterdiversityin
thecommunitystructureof aparticularnetwork±showing,for example,thatcommunitiesin
thenetworktendto spanacrossbuildingsmorethantheyspanacrossdepartments.Wefind
that this is,in fact,thecase.Theco-authorshipnetworkischaracterizedbyad valueof 0.40for
buildingsand0.29for departments,andtheco-inventionnetworkbyd valuesof 0.51and0.70
(seeTableD in S1File).Theseattributesof networktopologyconfirm thepreviousstatistical
results:building-diversitywithin collaborativecommunitiesis largelyconstant,but co-authors
tendto favorcollaboratorsin thesamedepartment,while inventorscollaborateacrossdisci-
plinaryboundaries.Intuitively, this resultpointstowardmotivationsfor teamcomposition±
thatco-inventorsmaycollaboratearoundprojects,whileco-authorscollaboratewithin
domainsof scholarship.

Proximity and collaboration

It isevidentthat therearestrongpatternsof collaborationrelatedto departmentsandbuild-
ings±butdoessimpleproximity haveaneffect?Usingthephysicaldistancebetweencollabora-
tors,wetestthehypothesisthatproximity iscorrelatedwith co-authorshipandco-invention.
Fullyconfirming thishypothesis,wefind that theprobabilityof acollaborationbetweentwo
agentsdecaysexponentiallywith their spatialproximity, aspreviouslyobservedin research
thataddressesalargerspatialscale[11,15].Probabilityadheresto anegativeexponentialfunc-
tion with aremarkabledegreeof consistency±notunlike,for example,thedisseminationof
dandelionseeds.Oneismorelikely to find aseedcloseto thedandelionflower,andthelikeli-
hoodof finding aseeddecaysexponentiallyasthedistanceincreases.In thecaseof MIT fac-
ulty, oneismorelikely to find acollaboratorcloseby.Co-authorshaveahighertendencyto
collaborateatdistance0,suggestingco-authorshipwithin alaboratoryor department,while
co-inventionismoreregularlyspacedalongtheexponentialcurve(Fig8).Theprobabilityf(x)
isgivenby:

f ðxÞ ¼ ae� bx ð2Þ

Theparametersthat fit with thehighestcorrelationasshownin Fig8.

Proximity and cross-disciplinary collaboration

Onecouldimaginethat therelationshipbetweenproximity andoutputasevaluatedabove±
andparticularlyco-authorshipatdistancevalue0±isafunction of co-locationin thesame
building.That is,that therelationshipbetweenproximity andcollaborationmaybeskewedby
tightly clusteredandinternallycollaborativedepartmentswhicharealsoco-located.To control
for this,weplot thesameproximity function,specificallyfor pairsof collaboratorsfrom differ-
entdepartments.Aswith thetotaldataset,thedecayof collaborationfrequencyoverspace±
evenin thespecificcaseof cross-departmentalcollaboration±ismodeledbyanegativeexpo-
nentialfunction.Forbothpapersandpatents,thefitting curvehasastrongstatisticalsignifi-
cance(Fig8).Thisclearlyindicatesthatspatialproximity, evenwhennot inducedby
institutional co-location,playsadefiniterole in academiccollaboration.

Discussion

Throughstatistical,geographic,andnetworkanalyses,wemakeanumberof observations
aboutsocio-spatialcollaborationdynamicswithin theMIT community.Betweentheyears
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Fig 8. The relative 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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2004and2014,MIT facultyproducedover40,000papersand2,300patents,of which6,414
and454,respectively,involvedmorethanoneMIT facultymember.Our preliminaryanalysis
confirmedunderlyingcharacteristicsof academicdisciplines:thefactof publishingapaperis
differentacrossfields,andsomeareasof academiasimplydo not producepatents±disparities
thatareclearlyevidentin adepartment-levelanalysis.In light of theliteratureon collaboration
andco-location,wetestedseveralbuilding-levelattributes±includingcentralpositioningon
campus,crowdedness,andheterogeneityof departmentaffiliations±andfound that their
effectsarenegligible.Our initial hypothesiswasthatcentrallypositioned,denselypopulated
andmulti-disciplinaryspaceswouldbeactivehotspotsof collaboration,but thesebuilding
characteristicsarenot statisticallycorrelatedwith productivity,usingthemeasuresappliedin
thisstudy.Thismight berelatedto thefactthat theoutcomeof amulti-disciplinarycollabora-
tion isnot necessarilyalargeracademicoutput.Multidisciplinary researchoutletsareoften
moreselectivethandisciplinaryones,suggestingthat theimpactof multi-disciplinarycollabo-
ration shouldbemeasuredconsideringabroaderrangeof metrics.Contraryto theliterature
andintuition, building-specificfactors(suchasheterogeneity,crowdedness,etc.)hadno sig-
nificant effecton scientificoutputof MIT faculty,suggestingthatour strategyfor quantifying
thosefactorsmaybeincomplete.Nevertheless,weobservedthat thosebuildingswith thegreat-
estabsolutenumberof departmentsarealsooutliersin productivityandcollaboration.These
outliers,then,canbeunderstoodashotspots,despitethat thereisno globallinearcorrelation.
Overthe10-yearperiodof analysis,theMIT communityasawholepublishedandpatented
with anincreasingnumberof total collaboratorson eachdocument.Therateof collaboration
betweenMIT facultyhasremainedrelativelyconstant,savefor threenotableexceptions:in
2009and2014therewasmoreco-inventionamongMIT faculty,andin 2012therewasmore
internalco-authorship.

A topology-basedevaluationof collaborativenetworksrevealsthecompositionandinterac-
tion of collaborativeclusters.In thepublicationnetwork,communitiesaremorestrongly
relatedto departments,whereasin thepatentnetwork,communitiesaremoreheterogeneous
overall,andhaveatendencyto alignwith buildings.Thissuggeststhatco-inventorsorganize
aroundideasor projects,whileco-authorsorganizearounddisciplinaryareas±afinding that
reconfirmsthestatisticalresultsrelatedto teamcomposition.Overall,theseresultsreflectfac-
ulty members'practicalmotivationsfor working together:co-inventorscollaboratearound
projects,benefittedbysharedequipmentandabreadthof expertise,whileco-authorscollabo-
ratewithin domainsof scholarshipto advancetheknowledgeof aparticularsubject.

Finally,wetestedtheeffectof spatialproximity on collaboration.Regardlessof co-location
in aspecificbuilding,wefoundapersistentrelationshipbetweenspatialproximity andthefre-
quencyof collaboration,well fit with anexponentialdecaymodel.Buildingon thatobserva-
tion, wesuggestthepossibilityof asignificant`distancelimit' for co-authorsandanoptimal
`goldilocksdistance'betweeninventorpairs.

Moving forward,thepresentanalysiscanbesupplementedin anumberof ways.Alternate
analyticaldesigns,suchasadifferencein difference[4,40]approach,couldmoreeffectively
isolatevariables.Furthermore,introducing time in thenetworkanalysis(adynamicsystem
approach)canbettershowcommunityformation,andexploringpossibilitiesfor evaluating
theprocessesof collaboration,in addition to its products(for example,bycreatinganother
networklayerfrom digital communicationamongfacultymembers)canaddresscollabora-
tion not observedin papersor patents.Together,thesedetailedanalysescanprovidean

likelihood of their collaboration decreases according to a negative exponential function. The same pattern

holds true for patents and papers. Papers are fit with R2 = 0.98 while patents with R2 = 0.99.

https://doi.org/10.1371/journal.pone.0179334.g008
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understandingof academicdynamicsovertime andspace,revealingtheimpactof spatialand
institutional configurationson collaborativeresearchbetweenfacultymembersatMIT. Socio-
spatialnetworkanalysisisof practicalinterestto MIT's scientificcommunity,to campusplan-
nersandadministrators,andto theindividual facultymemberswhoareengagedin research
activity.Empiricalanalysisof interrelatednetworksandacademicoutputon thiscampus
advancesthebroaderknowledgeof complexrelationshipsbetweenarchitecture,institutions
andcollaboration.Theseresultssuggestopportunitiesfor futureresearch.Weproposethat the
methodsimplementedfor thepresentanalysiscouldbeappliedto largerdatasetsthatspan
acrossseveralresearchinstitutionsor shiftsin spatialandphysicalorganization,to arriveata
comprehensiveandcausalanswerto theresearchquestions.Themethodsandresultsarepar-
ticularlysalientin thecontextof increasinglyteam-basedscienceandemphasison cross-disci-
plinary research.

Materials and methods

Wepositthat thespatialorganizationof MIT facultyisanimportant factorof theknowledge
creationprocess,andexaminethewaysin whichthis ismanifestin scholarlyoutput, including
rate,volume,authorshipandcollaborationpatternsof publishingandpatenting.To approach
thisquestion,weinvestigateanumberof sub-hypotheses:

1. Buildingheterogeneity(co-locationof facultyfrom differentdepartments)ispositivelycor-
relatedwith cross-disciplinarycollaboration,both internalandexternalto thebuilding.

2. Facultytendto collaboratewithin buildings,andwith colleagueswhohaveahigherdegree
of spatialproximity (anegativecorrelationbetweendistanceandprobabilityof collabora-
tion) evenif collaboratorsarein differentdepartments.

3. Thecommunitystructureof theco-authorshipnetworkhasahigherdegreeof similarity to
departmentsor initiatives,andthecommunitystructureof theco-inventionnetworkhasa
higherdegreeof similarity to buildings.

Anecdotally,weexperiencecertainbuildingsascollaborativehubs±remarkablyactive,
denselyandheterogeneouslypopulatedspaces.Theseplayanimportant role in initiating con-
tactamongresearchers,specificallythosefrom differentdisciplineswhowouldnot otherwise
meet.Assuch,wesuggestthat researcherssitedin hubspaceswill exhibitahigherinstanceof
cross-disciplinarycollaboration.

Similarly,becausespatialproximity±regardlessof specificbuilding location±isanimportant
determinantof regularcommunicationandacrucialelementof successfulcollaborativework,
weproposethat it will beassociatedwith higherincidenceof collaboration,regardlessof the
specificbuilding.Thesecharacteristicsocio-spatialpatternswill bedifferentbetweenpapers
andpatents,asaresultof theinherentdisparitybetweencollaborationprocesses(relatedto the
useof technicalequipment,researchlabstructure,anddifferencesthedefinition of publishable
novelty),disciplinaryfields,andacademicnormsfor attribution betweenpapersandpatents.
Acknowledgingthatdifference,weemphasizethat thepurposeof thisstudyisnot to demon-
stratethedifferencesbetweenscientificoutput types.

Threeoriginaldatabasesareimplementedin thepresentstudy:1.InstituteDirectory;2.
Publication;3.Patent.Thesethreedatabasesarelinked usingtheMIT IdentificationNumber:
aunique9-digit numericalvalueassignedto eachMIT affiliate,whichpersiststhroughchanges
in affiliation overtime.Thelinked datais limited, by time andscope,to ensureprecision,as
detailedbelow.Thetruncateddatais thenprocessedto derivesecond-ordervariables(e.g.a
facultymember'sratio of papersto patents),aswellasaggregated(e.g.to thedepartmentor

MIT scientific collaboration

PLOS ONE | https://doi.org/10.1371/journal.pone.0179334 June 22, 2017 18 / 22

https://doi.org/10.1371/journal.pone.0179334


building level)andlinked to auxiliarydata(e.g.mappedto building footprints to calculategeo-
deticdistancebetweenfaculty).Thefinal datasetspans2004±2014andencompasses40,358
papers,2,350patents,and1,057MIT faculty.Datasetsandkeyattributesaresummarizedin
Table1.An extensivedescriptionof thedatabaseusedin this researchandthedataprocessing
analysisis reportedin SectionB in S1File.

Complex network analysis

Layer 1: Proximity. Asdistinct from `centrality,'wedefine`proximity' asanattributeof
facultycollaboratorpairsfij. Usingfloor (F) andbuilding (B) attributesof eachfacultymember,
aproximity valuep canbecalculatedfor everylink in theMIT facultycollaborationnetwork.
Theproximity indexisahierarchicaldistancefunction thataccountsfor bothdistance
betweenbuildingsΔBij (measuredin linearfeetbetweenbuilding footprint centroids),anddif-
ferencein floorsΔFij

Let i andj betwo nodes(faculty)in theMIT collaborationnetwork,anddefineΔBij asthe
geodesicdistancebetweenthecentroidsof buildingsBi andBj wherei andj arelocated.Fur-
thermore,letΔFij = | Fi-Fj | bethefloor differencebetweenthelocationof i andj, whereFx is
anintegerrepresentingthefloor in buildingBx wherex is located.Weintroduceascalefactor,
d, to accountfor thedifferencein unitsof measurebetweenΔFij andΔBij andcalculated such
that:

dðmaxðDFÞ
fmn;...:;ijgÞ < minðDBÞ

fmn;...:;ijg ð3Þ

Theproximity valuepij is thendefinedas:

pij ¼
dðDFijÞ if Bi ¼ Bj

DBij þ dðFi þ FjÞ otherwise
ð4Þ

Foreachedgefij theproximity indexpij isameasureof differencein floorsΔFij andgeodetic
distancebetweencentroidsof buildingsΔBij. Acknowledgingthat linearhorizontaldistance
betweenbuildingsisexperientiallyverydifferentfrom verticaldifferencebetweenfloors,we
nonethelessdefinetheproximity valueasafunction of thetwo.A scalefactorof d is intro-
ducedto adjustfloor valuessuchthat theyarecomparableto distancevalues.However,for the
scopeof thepresentstudy,wedo not attemptanempiricalspacesyntaxto bettersynthesize
multiple distancemetrics[25,26].Definingabetterquantitativemeasureof functionaldistance
isapromisingavenueof further research.

Layer 2: Co-authorship index. Thepublicationvalueis summarizedasascalarindexof
scientificproductivity.Eachnodecorrespondsto oneauthori andalink betweentwo
authorsi and j existsif andonly if thetwo authorshavecollaboratedat leastonetime on the
samepaper.Linksareweightedwith avaluerepresentingtheintensityof collaboration
betweentherespectiveactors.Giventhat thepurposeof thenetworkanalysisis to better
understandspatialrelationships±forexample,co-locationandfrequencyof contactbetween
collaborators±weincludethetotal numberof co-authors,presumingthat thespatialdynam-
icsof collaborationbetweenateamof two is differentfrom thedynamicsbetweenateamof
ten [20].

Thepublicationedgeweight(bij) accountsfor thenumberof co-authoredpapersbetween
facultyi andj andthenumberof total co-authorsfor thosepapers(MIT facultyandnon-MIT
faculty).Assuch,theweightof alink summarizesnot only co-productivitybetweencollabora-
tors,but alsothewayin whichthosecollaborationswerecarriedout.Supposethat two authors
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i andj havecollaboratednij timesin nij differentpapers,thentheweightwij isgivenby:

wij ¼
nij

Pnij
k¼1ðn

cij
k � 1Þ

ð5Þ

Wherencij
k isequalto thenumberof total co-authorson paperk.

Layer 3: Co-invention index. Similarto co-publication,aweightedlink isusedto repre-
sentintensityof co-patentingactivity.A summaryof thesizeandcharacteristicpropertiesof
theco-authorshipandco-inventionnetworksisshownbelow,andnetworkdegreedistribution
is reportedin FigB in S1File,whiledetailednetworksfeaturesarereportedin Table2 includ-
ing:nodedegreedistribution, transitivity,andcharacteristicpathlength.Notablefeatures
includethefollowing:AverageNumberof NeighborsindicatesthatMIT authorswhocollabo-
rateat leastoncewith anotherMIT facultymember(and,assuch,participatein thenetwork)
haveanaverageof 5.47MIT collaboratorsoverthe10yearperiod,whilecollaborativeinven-
torshaveanaverageof 2.51.Furthermore,thepercentageof ShortestPaths,aswellastheAver-
ageBetweennessCentrality,evidencedifferencesin thecommunitystructureof thetwo
networks.Finally,theNodeDegreeDistribution followsapowerlawfor bothnetworks(FigB
in S1File),suggestingthat theyarescale-free,althoughthesizeof thepatentnetworkis too
smallto makeclaimsaboutits scale-freeproperties[31]. Someconspicuousfeaturesareappar-
ent in thevisualizationsbelow±for example,that theDepartmentof ChemicalEngineering
tendsto beverycentralto thepapernetwork,with ahighaveragedegree,whileElectricalEngi-
neering& ComputerScienceiswidelydistributed,but with alow degree.Furthermore,some
groupsemerge,suchastheSloanSchoolof ManagementandtheDepartmentof Economics.

Supporting information

S1 File. Supplementary text. This textcontainsanextensiveliteraturereview,acomplete
descriptionof thedataanalysisprocedure,theformulaof theSimpsonDiversityIndexandthe
ShannonEntropyof Information.SupplementaryTablesandFiguresareincludedat theend.
(PDF)
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14. Bergé LR. Network proximity in the geography of research collaboration: Network proximity in the geog-

raphy of research collaboration. Pap Reg Sci. 2016; https://doi.org/10.1111/pirs.12218

15. Catini R, Karamshuk D, Penner O, Riccaboni M. Identifying geographic clusters: A network analytic

approach. Res Policy. 2015; 44: 1749–1762. https://doi.org/10.1016/j.respol.2015.01.011
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