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This paper describes the output of a study to tackle the problem of gang-related crime
in the UK; we present the intelligence and routinely-gathered data available to a UK
regional police force, and describe an initial social network analysis of gangs in the
Greater Manchester area of the UK between 2000-2006.

By applying social network analysis techniques, we attempt to detect the birth of two
new gangs based on local features (modularity, cliques) and global features (clustering
coefficients). Thus for the future, identifying the changes in these can help us identify
the possible birth of new gangs (sub-networks) in the social system.

Furthermore, we study the dynamics of these networks globally and locally, and have
identified the global characteristics that tell us that they are not random graphs -- they
are small world graphs -- implying that the formation of gangs is not a random event.
However, we are not yet able to conclude anything significant about scale free
characteristics due to insufficient sample size. A final analysis looks at gang roles and
develops further insight into the nature of the different link types, referring to Klerks'
“third generation' analysis, as well as a brief discussion of the potential UK policy
applications of this work.

We wish to thank the reviewer for their valuable and insightful comments; we are
pleased that they feel this work deals with a relevant research topic that fits the aims
and goals of this journal, as well as being clear and well written. Alongside the
research and technical contributions, we also propose useful practical policy
interventions to assist decision-makers in exploiting rich police and crime datasets
such as ours.

We have addressed all of the reviewers substantive points and are pleased to revise
and resubmit. In order:

1. Finding communities
Section 4 ("ldentifying community structure") has been substantially improved and

updated, addressing the comments about being brief and somewhat vague and
confusing. We have provided further insight and explanation of the community



detection algorithm (using Infomap) as well as figures, data and analysis.
2. Further information about ab*

As requested, we have provided details on the group of vertices which have not been
classified in any of discovered communities (see Fig.3 and the group of vertices
labelled ab*). We have completed further analysis resulting in extended discussion in
Section 4 and the new data presented in Tables 3 and 4, as well as a reorganisation of
some of the other figures to provide further context to the familial links.

3. Analysis of clustering coefficient

We have restructured and added to the discussion in Section 5 on clustering
coefficients and the emergence of gangs, to provide more clarity and detail. We concur
that the network size has impact on the clustering coefficient, which are quite large in
comparison with other real social networks. Table 5 has been expanded for clarity.

4. Literature and references

We have improved and updated the relationship to the literature, adding 10+ relevant
references throughout the paper (including the three suggested by the reviewer --
thank you).

5. Contribution of link analysis

We have restructured and added to the discussion in Section 6.2 on link analysis,
linking back to the key domain literature as well as an improved discussion of the
importance of weak ties in crime (and how that relates to our work). Some of the
figures previously in this section have been moved to Section 4 to aid clarity and
readability.

6. Novelty of work

We acknowledge that this paper builds upon previous work but we can confirm that this
manuscript represents a substantially extended (40%+) and revised version of our
short ASONAM 2014 papers (4 pages), with updated background, literature review and
methodology, along with significant new data and analysis. A number of the figures

and tables present data that have not been published previous, particularly in Sections
4 and 6. Furthermore, this paper frames the bigger picture of the project and the
potential from exploiting the rich dataset. We have updated the thanks section in the
preamble to better reflect this situation and the contributions of the paper. We also
confirm that this work has not been published elsewhere in its current form and is not
under consideration by another journal.

In summary, we would like to reiterate our thanks to the reviewer for their thoughtful
and insightful review comments, which has improved the clarity and contributions of
our paper. We are pleased their general impression about the paper was positive and
we feel that this revised submission has been substantially improved and is ready for
publication in Social Network Analysis and Mining.
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Abstract This paperdescribeshe outputof a study

to tadkle theproblenof gangrelated criman theUK;
we presehtheintelligencendroutinelygatheredata
availableoaUK regionapoliceforce anddescriban
initial socialnetvork analysisof gangsin the Greater
MandesteareadftheUK betveer?0062006.

By applyingsocialnetwvork analysigechniges, we
attempto detecthebirth of two newgangdasedn
localfeaturegsmadularit, cliques) andlobalfeatures
(clusteringoefficiets). Thusfor thefuture jdentifying
the changesn thesecanhelp usidenify the possible
birthof newganggsubnetvorks)in thesociakystem.

Furthermoraye studythe dynamicsof thesenet
worksgloballyandlocally, andhawe identifiectheglobal
characteristicthat tell us that they are not ranebm
graphs- theyaresmallworld graphs- implyingthat
the formationof gangsis not a randomeven. How
ewer,we arenotyetableto concludeanythingsignifi
cantaboutscalefreecharacteristiadueto insufficiem
samplesize. A final analysislooks at garg rolesand
developgurtherinsigh into the natureof the differern
link typesreferringoKlerkg 1 thirdgeneration anal
ysis,aswell as a brief discussiomf the potentialUK
policyapplicationsf thiswork.

Keywords Gangsg Guncrime g Scalefree net
works g Smaklworld networks§ Socialdistanceg
Communitiesg Crime policy

Thisarticleis a substantiallgxtende@ndrevisedversion
of the authosy ASONAM 2014 papers(OatleyandCirick,
2014b,c)with anupdatedeseatt andpolicy cortext,lit-
eraturereview and methalology alongwith new dataand

analysis.

GilesOatley - Tom Crick «
Departmentf Computing® InformationSystemsgCardiff
MetropolitarUniversiy, Cardiff CF52YB, UK

1Introduction

Thereharebeemumeroustudie®f criminalnetvorks
andgargs;ashighlighedin Hughes (2005he mpu
larity of qualitatiestudie®f gangrelatedssuesoared
duringthe1980sand1990sfollowingrenewednedia
andpublicintereststatisticahdancesandincreased
govenmatfunding Qualitatiestudiehasetakenthree
majorforms:(a) suneysof law enforcemerofficials
(and atimes otheagencyersonnebegarding gangs
in theirjurisdictionandactiongakento corirol them,
(b)analyseef datacompiledy law enforcemérmagen
ciesand/orcourtofficials,and(c) seltreportsof sam
ples of youth and/oryoungadults.Therehase been
callsfor reseatttevidencéo be dravninto policeprae
tice,butdevelopmemf sudh anagend&asbeenham
peredby arangeof factorgBullockandTilley, 2009).
Resealtinto youthgangs, especiailye ageatwhich
youthsjoin gangsandthe early precursordhasbeen
conductedn the USA andCanaddHill etal, 2001),
China(Webbetal, 2011)andHongKong(Lo, 2011),
aswell asthelink betveengun ownershigndgang
menbershifgBjerregaardndLizotte,1995;Bricknell,
2008).

Howeer, the UK hasbeenslow in carryingout
reseatt into gangcrime especiallyinto whatactions
workbestat cortrolling it (HallsworthandSilverstone,
2009;Pitts,2007),evenwith an increasegbolicy fo-
cus(GoldngandMcClory,2008;Halesetal,2006)In
GreateMandestera regionin the north of the UK
thathashada significabh gun crime problemrelated
to gangactivily, primarilydueto acutesocialdepiva
tion in the area(BBC News,2003,2004;Haleset al,
2006),recen policeinitiativeshave startedo address
thisproblem{BBCNews2010).
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Socialnetvork analysishasbeenappliedacrossa
widenumigr of domainsprovidinga unifyinglanguage
todescribéisparatesystemsangingromsociainter
actiongo powergrids. Thereis alsoa growingbody
of literatue appliedto crime analysis(for example:
(BaronandTindall,1993;Cal\dZArmengoland Zenou,
2004;Hansen2005;HutchinandBenhanHutchins,
1995;Klerks,2001;Oatleyet al, 2005,2006a))Related

work(CalvdArmeangol etal,2007 Patachini andZenou,

2008)on aralysingthe strengttof weaktiesin crime
throughsteadystateequilibriamodellinghasalsobeen
successfuldentifyingstructurdholesbetveennesad

socialcapitalreinforceghe value of usingsocialnet
workanaysisfor gangesarch(Papachristo2006).
We presenthedynamic®f a socialnetvork study
of thesegangsandtheir associatesisingthe intelli-
gencegatheredy police observationsf knowngang
meniersandassociatecriminalsWedevelophesta

tistical analysisof netvork dynamicscombiningwell

known global topologicalmeasuredpcal motifs and
modules(Costaet al, 2007; Jackson2008; Newman,
2003) Netvorkmotifsaresubgraphthatappeamore
frequetly in arealnetvorkthancouldbe statistically
expectedAt a globallevel,if thesenetvorksof asse
ciationsexhibitclusterindpehaiourthisindicateshe
presencef gangs.At a local level, any definedsub
structuresvill provide usinformatioraboutthe gang
structureWe areinterestedt modellinghe dynamics
of thegangstheirdevelopmemndfragmetationinto
newgangsandwehopethatthestudyof thedynamics
in suc modulesvill provideinformatioronthestrue
tural changesvithin gangsthatleadto birth of new
gangsand predictors of otlgangrelatedbehaviour.
Furthermorewe investigateif the netvorkshave
scalefree,smallworld or othercharacteristics

(AlbertandBardoekd,2002Newman2003Watts 2003);

smallworld netvorksarecharacteriseldy a diameter
thatgrowslogarithmicallyvith theirsize.Oneimpor
tant characteristiof the smalworld phenomenois
thatead pair of nodesare connectedhrougha rel
atively smallnumier of stepsto a hugenetvork size
definedby the total numberof nodes Scalefree strue
turesconsist®f manynodewith low degreeand aew
hubswith highdegreeéAlbertetal, 2004 ;Costeet al,
2007;Ja&son,2008).If theoffender netvorkscanbe
classifiedinto either (or both) of thesecategoriegor
otherknown netvork types), then this provides not
only insigh into the dynamicsof the gangnetvork,
butalsooperationalsesfor instancenetvorkdisrup
tion/destructiostrategiesiodes/offendets monitor,
andsoon.

2 Problem description and data

Guncrimein Mandesteffirst gainedmediaattention
in 1988afterconcerrovereigh shootinganda gun
relatednurderat a timewhenguncrimewasconsid
eredrarein theUK. Newerthelesguncrimein Manch
esterappearso havze begunin thelate1970satatime
of risingunemploymermndpovert in thearea.

Numerousshootings- both fatal and nonfatal -
hae takenplaceovertheyeas asthe PepperhillGooch,
Doddingtonand LongsightCrew gangs(see Table 1)
hawe clashedover drug territoriesand other disputes.
Manyof thesegunfire exchangewereon publicstreets,
somewere plannedacts and somewere spontaneous
evens.

Ganglabel GangName Formation
A Gooch 1990s
B Doddington/Pepperhill 1990s
C LongsighCrew c.2001
D Rusholm&rew Gangsters c.2004

Table 1 Gangnamesandapproximatedatesof formation.

In 2001,a new approacho tacklinggun crime be-
ganto developwith police working morecloselywith
the local communityand other agenciesThe Manch
esterMulti-AgencyGangStrategy(MMAGS), a multi
agencyapproacho tackling gun crime and deterring
youngpeoplefrom enteringinto a gang/gun culture
was initiatedas a result of a UK Home Office report
(Bullack andTilley, 2002).Thereportconcludes:

- About60 percentof shootingsare thoughtto gang
related.

- Violencan generalgunviolenceandfatalshootings
in particulaareconcetratedn specificsmallareas
of SouthMarchester.

- Gangsn SouthMandtestearelooselyturf-based.
- Alliancesare sometimes formeetveen SouthManch
estergangsput conflictis endemiandeasilytrig-

gered.

- Gangrelateariminabehaiourincludesirugrelated
offencesbutonlyasoneelemetof a patchvorkof
violert andnonvioler crime.

- Gangmenbershigs notjustaboutcriminaliy; for
someyoungmalest incorporatescredibldifestyle
choice.

- Gangmembershipompriseamix of sameagelocal
friendshipgroupsbload relatives andrecruits.

- Thecarryingof firearmsby gangmeniersis part
protectie, andpartsynbolic, thoughtheyarealso
sometimegsedn thecommissiopof violert crime.



MeasurindJK CrimeGang: A SocialNetvork Problem

— The majorityof perpetrator®f se&ious gun vie

lenceandvictimsin SouthMantestehase criminalrecords. .

— Thosewho hawe beenvictims of shootingsare at
increasedisk of beinga victim again.
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Fig. 1 Gangyeographicécationspositiveindicateapost
tivealignmenbetveerthegangsnegativeindicateseative
alignment.

The geographicaproximity of the ganglocations
andhubof all theseactivitiescanbe seerin Figure2,
wherethe distancébetweenGangsA andB is hun

dredsof metersliterally a few streetsway from ead
otherGang®A andB showanegatie attitudeowards
eachother,oftenresultingin | tit-for-taf gun crimes.
ThealignmehbetveenGangsA andD is possiblybe-
causeof a mutualrivalry with B, while the positive
alignmenbf B with C is becaus@& hasencroachedn
Cy s territory for drugsales.The ganglocationsare
overlaidon the locationsof all seriouscrimes(murder,
attempteanurder manslaughtekidnappingserious

woundingandfirearmsffencesjecordedn thedata

availableto the consrtiumfor the periad 198062007.
Agreeingstronglywith the 2002UK HomeOffice re-

port (Bullock andTilley, 2002)we find: 38% (n=162)
of all seriouscrimesoccurringwithin 1 km radius(of

ganglocations)and 63% of all seriouscrimesoccur
within 2 km, and 53% (n=9) of murdersare within
3 km; 38% (n=34) of attemptednurdersare within
1km and 63% within 2 km; and, 33% (n=17)of se

rious woundingsare within 1 km and 48% are within
2 km.

3Policedatabases

The databasesedfor this analysisgncludedthe list

of associatefor eachgangmemberwith fields such
as uniqueidentifiersfor eachoffender,date of birth,

relationshipetveertheoffendersthnimrigin,reason
reported andateof occurrence.

3 .
it SRR e BT AR Ried I,
fencesGangC hasmowed into an additionalocationwith
drugselling.Ganggearaphicalocationspositive indicates
a positie alignmenbetveenthe gangsnegative indicates
negatie alignment.

3.1Link types

The network links availableare quite differentto other
existingwork with netvorksof burglarsor retail fraud
stergOatleyandCrick,2014aQatleyet al, 2005,2006b)).
Examplesf the data(link types)from whichthe net
works of offendersaredevelopeadanbe foundin Ta
ble2.Theséinktypesare Accomplice; Brother-Brother;
Boyfriend; Brother; Sister; Charged with; Child; Co-
habitant; Foster child; Fosterparent; Friend; Girlfriend;
Guardian; Other; Parent; Relative; Spouse; Sister-Sister;
Ward; Gay Boyfriend; andGay Girlfriend.

An explanatiorof the datasefrom Table2 follows,
andit is clearthatit is a rich sourceof information.
However, there are also many inconsistenciesand if
this datais to be usedto its full potentialt will require
a greatdeal of preprocessingusing naturallanguage
processingnatchingwith regularexpressiongnforma
tion extractionandsoon. As partof this preprocessing
anddatacleansingfurthercategorisatioshouldbe ap
plied,as50%of thedatais classifiedf type Other.

3.2 Observationandinconsistencias thedataset

Thefollowing indicesreferto rows in Tabk 2, for in-
stancé-irefergol. Accomplice fromtheRelationship
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MagneCategory, Relationship FrequencyHArcetage | ReasorReportedeExamples
Crimerelated 1.Accomplice 502,10.7% (i.) Arrestedrogether

(ii.) BelievedTo Be DealingDrugsTogether
(iii.) Xy sSistedsY) sGirlfriend

2. Chargedwith | 45,1.0% (i.) ChargedogetheMurder
(ii.) Arrestedlogether
Familial 3. Brother 65,1.4% (i.) Beliewed To Be Half-Brothers
4. Child 23,0.5% (i.) Fathe& Son
(ii.) AdmittedAboveNameds HisDad
5. Paremn 20,0.4% (i.) Mother& Son
6. Relatie 173,3.7% (i.) Cousins
(ii.) X Statesy Is His Uncle
7. Sister 18,0.4% (i.) Brother And Sister
(ii.) StatedrheyAre Brothers
8.Spouse 2,0.0% (i.) ArrestedlogetheHandling
Friendships 9. Cohabitant | 5,0.1% (i.) PossibhLiving TogetheAt AnonStreet
10. Friend 1409,30.0% (i.) StopCheckedogethein car

(ii.) AttendedClubTogether
(iii.) Seenmmogether

11.Girlfriend 61,1.3% (i.) HaveChild Together
12.Boyfriend 10,0.2% (i.) Girlfriend/Bgfriend
Other 13.0ther 2364,50.3% (i.) Ex-BoyfriendOf The Above Named

(ii.) R ClaimedE StabbedHim

(iii.) C IntendKilling A/N Re MurderOf Bros
(iv.) Tog At Nightclub,Oldham

(v.) SeeriTogether

(vi.) AttendedMurder Trial

(vii.) ArrestedTogetheitn Anon

(viii.) D) sNumbelnC) sMobile

(ix.) SeerTogetheAt MossSideFestival

Table 2 Example®f thel associatgs data.Thisdatais usedto createghe socialnetvorks.Gangmembershipomprisea
mix of sameagelocalfriendshigroupsblod relativesand recruitdJK Home OfficeeportBullock andrilley (2002).

columnand(i.) Arrested Together fromtheReason Re- - 13-v is aweakform of link, andshouldreallyindi-

ported Examples column. catewhethelit wason goal or badterms

— 13-vii shouldeineithetheAccomplice orCharged
With categories

- 13-viii is notevorthy asit is averyspecifidink, a
mobilephondink

— 1-i and2-ii indicatethatthe datais not rigidly
recordecdr categorised

— 1-iii is incorrectlycategorised

— 3-i, 6-ii and9-i illustratethattheintelligences fal-

lible, andis oftenbasedipon beliefs andalsothat

thelink typesarenotall of equivalenstrengthfor ~ 3.3Limitationsof thedata

instancehestrengtlof aBelief link (possiblyfalse)

versusiCharged Together link (definitelytrue) In preparingur datafor analysisyve facedthe typical
— 4-i and5-i illustratehow thesamenformatiorcan  dataquality issuesrefeenced by Xu and Chen(2005),

be describedoftenin differen forms,in separate specificallythata criminalnetwork is a speciakind of

fields socialnework with emphasi®n both secrecyand ef-
— 7-ii shavsanobviousnistalewith Brothers recorded ficiency Suchnetvorks are intentionallystructuredo
in theSisters category ensureefficiet communicatiommongmemberswith-

— 8-i containsnot only informationaboutcohabita gt being detecteqFerraraet al, 2014).The dataprob
tion,butalsantelligencabouhandlingtolergoods lemstherefore aréncompletesss,ascriminalnetvorks

— 11-i illustratesagainthatlinks canbe strongeror ~ arecovert netvorksthatoperaten secrecyandstealth,
weake, for instancehechild may mearthatthere  with missingnodesandlinks in netvorks;incorrectness,
is astrongebond/linkbetveerthe offenders unintentionatlataentry errorsor intentionaldeception

— 10-i-iii couldall be placedn theOther category by criminals;and, incorsigency,with manyrecordsof

— 13-ii,iii containa lot of intelligence samepersorfrom differencecontact®r sources.
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Overall,it is concerninghatthis datais usedas
a gangdatabasdyut without explicit qualifications.

Furthermorat is generallynot purged put menber
shipwouldnotnecessarilyareaneffectonsenencing.
Comparingo gangcriteriaby statesn the USA, 1 Iden-
tified by reliable source (police)| ,andl associates with
members] would securemembershin Florida
(BarravsandHuff, 2009) Criticismof gangdatabases
rangedrom the positionof beingl unconstitutiongl if
theyarenotcorrectlynaintainedpr instancenotreg
ularly purgedof citizenswho hae left the gangworld
(Jacobs2009),to includinginaccuracies:

r In sum, gang databases appear to be riddled
with factual inaccuracies, administrative errors,
lack of compliance with departmental guidelines,
and lack of oversight. But this is not the worst
of it. The root of the problem may be that even

if properly applied, application of the subjective

criteria would not produce useful results.t

Wright (2005)

It is importanto be critical of informationabout
ganggshatcomefrom the policeor from journalists,

which is often basedon impressionand not on thor
oughresearchFor instancel intelligencg thatdescribes
thatthereareleadersn gangswho areresponsibléor
1 recruitment is atoddswith ourfindings,thatour net
workdatadoesotfind ary obvioudeadershifpwhid
is in line with manycriminologicalktudieson gangs).
Variousnetvork outcomescortradict currentsteree
types of gangbehaviourfor examplehe existencef
mary links andintermediariebetveendifferent and
sometimesonflictinggangs.

Finally, thereare recogniseanethodologicaksues
with currentevidenceon girls and gargs in the UK
(Batdelor2009) partlyrelatedo thedifficultiesasse
ciatedwith definingwhatconstituteal gang orbeing

al gangnemler .

4 Identifying community structure

A key part of the analysigs concernedavith identify
ing comnunitiesandcomnunity structureWhile this
isanimportanpropety of complexetvorks anaccu
ratedefinitionof a comnunity remainsanopenprob
lem (Liu etal, 2014).In Orman eal (2011a)a com
munity roughlycorresponds® a groupof nodesmore

denselynteiconneted,relatiely to the restof thenet
work.ln Ormaretal (2011b)theyusenormalisechu
tualinformation(NMI) measur¢o assesthe qualiy
of the discoveredommunitystructurefrom 11 mad-
els.SimilarlyYanandGregory(2012)presena discus
sionof existingcommunitydetectioralgorithms- RFT,

CNM, Infomap,COPRAand the Louwvain method-
compare@gainstheirmethodf edgedetectionnte-
gratedinto comnunity detectionlt is noteasyto de
terminewhidc is bestandgenerallya measure issed
thatestimatethequaliy of comnunity structuresud
asmaulariy (which measuremternalconsistencypf
identifiedcomnunitieswith reference to a randomised
null modelwiththesamealegreadlistribution)Theirre-
sultshadinfomapastheleadingalgorithmfollowedby
WalkrapSpinGlasandLouvain.Infomapwvasusedor
theinitial investigatiorf ournetworkdatawith Pajek
alsousedor cerrality andclusteringoefficieks (dis
cussedn setion 5). Infomapalsogivesthe optionto
not forceeverynodeto be assignedo a singlecom
munity. This is valuableas real world netvorks can
have seweral overlappingomnunities,for examplea
personma have family relationshigcircles,job cir-
cles,friend circles,hobly circlesandso on Cortrast
thiswith methodslesignedo work with homogenous
data(Ferraraet al, 2014).

Gch,..

Fig. 3 Infomapanalysif all data,includingnongangaf-
filiatedmurders

AsexpectedpokingatTable3, familialandfriend
shiplinks arestrongwithin individualganggAA, BB,
CC,DD), andalsogangswith affinity (AD, BC). Ac-
complicesarehighwithin individualgangsandgangs
with affinity (AA, BB, CC,DD, AD), althoughhehigh
rateof accomplicefor BD is surprisingperhapac
counedfor by therelative andfriendshidinks.

Lookingat Tabe 4, it is unsurpsingthatwe find
greatemumlersof links to menbersof singlegangs
(a*, b*, andc*) thanmultipleganggqab*, bc*, ac*
andabc*). Therelative proportionsfrelationshipse-
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Relationship GangMenbershigRelationships
AA BB CC DD AB AC AD BC BD CD

Accomplice 26 24 7 18 2 0 10 0 7 2
Chargedvith 0 0 2 0 0 0 0 0 0 0
Brother 14 2 0 4 0 0 2 0 1 0
Child 0 1 0 0 0 0 0 0 0 0
Paren 0 1 0 0 0 0 0 0 0 0
Relatie 4 0 4 10 0 0 4 0 1 0
Sister 0 0 0 0 0 0 0 0 0 0
Spouse 0 0 0 0 0 0 0 0 0 0
Cohabitant 0 0 0 0 0 0 0 0 0 0
Friend 70 96 29 30 2 0 28 12 5 0
Girlfriend 0 0 0 0 0 0 0 0 0 0
Boyfriend 0 0 0 0 0 0 0 0 0 0
Other 162 74 36 71 22 2 65 4 14 5
Total 276 198 78 133 26 2 109 16 28 7

Table 3 Link typesbetveengangmembersAA, BB, CCrefersto all thosegangmembersvho have links only to GangA,
B andC respectwly. AB refersto links betveenGangsA andB

Relationship GangMenbershigRelationships

a* b* c* ab* bc* ac* abc*
Accomplice 139 83 46 26 13 11 4
Chargedwvith 5 10 6 1 1 2 0
Brother 13 10 5 0 0 0 3
Child 8 6 3 0 0 0 0
Paremn 15 0 2 1 0 0 0
Relatie 72 41 9 10 1 2 4
Sister 6 8 1 2 0 0 0
Spouse 0 0 0 0 0 0 0
Cohabitant 0 1 1 0 0 0 0
Friend 394 265 92 112 65 26 14
Girlfriend 16 25 7 2 0 1 0
Boyfriend 0 0 0 0 0 0 0
Other 814 346 261 204 78 44 22

Table 4 Link typesbetveemongangnemberandgangmembersa* refersto all thosenongangmembersshohavelinks
to GangA, andonly GangA; ab* refersto all thosenongangmembersvho have links to GangA andGangB, butto no
othergangabc* refersto all thosenonrgangmemiers whohavelinksto GangA, GangB, andGangC, butto noothergang.

mainconstantwhennormalisedby countof crimesfor it comesto friendship,#107023 and #165035
thatclasswith the exceptiorof theabc* categoriesf hae friendsamongstival gangsWhenit comedo

) commit ting crimes togetlr, presumablythe
1 Brotheg a_ndl Relatlve .Th_eseareabovehenormand oppositeis true, only working with membersf a
couldexplaintheir placemenin thecategornof akc*,

- - preferredyang- see
likely becausef thefamilial links. #177519 and#18170.

In orderto investigate&eomnunity structureve re-
mowed any nodeswith lessthansix connectiongi.e.  #107023:
degrees); Figure4 showsdatafrom 2002,with the  Friend: b,a,a,b,a,a

well-establishe@angsA and B, andalsothe newly ~ ©ther: aaa,ad.d,d.d.d

formedGangC (in 2001) TheGangs, B, andC are  Relative: a

highlyinterconnectedyith Figure4 alsoshowinghe #165035:

] gob(IatV\eem; ,Iabdetl)lechsab* andbc(;‘. Ir;]dividuzal_wvﬁlo Friend: .a a

areonly connectedo onegang,andwho are highly T

connectedvithin themselvesare labelleda* and b*. Other: a,aaaa,aaaaaaaab,bdddd
In thiswaey it is easieto seethecomnunities. #177519:

Reviewingthe abc* nongangmemberswith the ~Accomplice: a,a,a,d,d,d,d
highestdegreecertrality, we canideriify interesting Other: a,a,a,a,a,a,a,a,a
patternsof relations.For instancethe following mem

bers:#107023 , #165035 , #177519 and#18170 . #8170
When Accomplice: b,b,b
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Fig. 5 Gang#\, B, C, D labelledshowin@ffinitiesbetveen
GangsA andD andGangsB andC (for 2006).

Fig. 4 Link reductionshowingGangsA andB andemer
genceof GangC (for 2002).This alsoillustrateshe large
amounbf nongangmembersvho areassociatedith indi-

vidualgangga*, b*) or who areintermediarie@b*, bc*).

Friend: b,b,b,b,b,b,b
Other: b,b,b,d

Therefordo investigateahis morethoroughlywe
lookedat the familial links. While it is hardit deter
mine,it appearthatnonganglinks have a significan
numbeiof family links. Thecompletadatabasef links
(19802007)is plottedin Figure5, with eachof thefour

mainganggepresentely a differen colour.Theaf-

filiationsor 1 alignments of thegangsvaspresenteah

Figurel, wherepositivelyalignedGangsA andD are
colourededandyellowrespectivelyandthepositively
alignedGangsB andC are colouredlueandgreen.
Offendersvhohave committednurdersarepresented Fig. 7 Relatiesandgangs.
asblacknodesandnorrgangnentersaswhitenodes.
We limit ourselvein this paper to a visualexamina
tion ofthe completeetvork, plusadditionahetvorks

for relatives(Figure7) andrelationship@-igure8) and

collapsedyangnetvorks with murdemodes.

We arenot always asinterestedn how a systems
network structurewasformedasin how a netvorks
extantstructureénfluenceshe systembehaiour
(Rosvalkt al,2010).Flow,usingthemapequationis
analternatie to madulariy, dependingnthenetvork
type anddesred analysisvhich weplanto investigate.

0]

Fig. 8 Girlfriend/loyfriendandgangs.
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5 Network characterisation

A serief experimets werecarriedoutto determine

howthegangnetvorkscomparevith welkknownnet
works,for examplescalefreeandsmaliworld netvorks.

5.1 Smalworld netvorks

Tableb presenttheclusteringoefficiets (CC)
(WattsandStrogatz,1998)for ead individualyear,
alongsidehe nodeandedgecourts andvariousother
measures tescribe theetwork.For ary simplecon
nectedgraphG with at leasttwo verticesthe clus

teringcoefficiat (1-neighbourhoodheasuretheex
tentto whidh verticedinkedto ary givenvertexv are
alsolinkedto ead other(WattsandStrogatz,1998).
Or in otherwords, are the friendsof my friendsalso
my friends?This is 1-neighbourhoodlustering.The
clusteringcoefficieh 2-neighbourhoods a lessstrin
gern conditionandstatesof thefriendsof my friends,
aretheylinkedto meby otherfriends?

Thelinks presenteih Table5 arecunulative; that
is, the links and nodesfor 2002includenct only the
newlinks andnodesfor 2002,but alsothosefor 2001
and2000.Tabk 6 showsthe samenetvork measures,
butthistimethedatahasbeenslicedinto themenfers
of theGangdA, B, C andD.

Measure A B C D

Nunberof nodegn) 859 617 431 513
1/n 0.00116| 0.00162| 0.00232| 0.00195
4/n 0.00466| 0.00648| 0.00928| 0.00780
log(n) 6.76 6.42 6.07 6.24
log(log(n)) 1.91 1.86 1.80 1.83
Numberof links 844 1047 602 707
Totalpossibldinks 368511 190036| 92665| 249571
Diameter 7 5 6 7
Averageathlength 3.61 3.38 3.37 4.11
Densiy 0.00396| 0.00550| 0.00648| 0.00537
Closeness 0.302 0.298 0.393 0.305
Beweenness 0.185 0.179 0.350 0.239
CcC 0.16 0.19 0.15 0.12

Table 6 Netvork measurefor GangsA, B, C, D. CCis
the averageclusteringcoefficieh from WattsandStrogatz
(1998)consideringnly1-neighbourhood.

A smaliworld netvork hasbothlocalconnectivit
andglobalreat (WattsandStrogatz1998),andis a

simpleconnectedraphG exhibitingtwo properties:

1. Smallcharacteristigathengththepresencef short
cutconnectionbetveensomeverticesresultdn a
smallcharacteristipathlengthL (G).

2. Largeclusteringoefficiett eachvertexof G islinked
to a relativelywell-connectedet of neighbouring

verticesresultingn alargevaluefor theclustering
coefficiehC(G).

To determinevhetheournetvorkis arandonone
or is smaklworld, we cantestwhetheror not it has
exponetmal k -connectivit distributionWe do notob
servehisin the datahoweer,wedo sedargecluster
ing coefficiets,andtheaveraggeathlengthsarealways
lessthanlog(n). Based upnthesdawo criteriawe can
still concludehatour netvorkshave smaklworld char
acteristics.

5.2 Scale&free netvorks

Thissectiomalsorefersto the precedingableswhere
we find a mixtureof evidencdor andagainsthecase
for scalefree neworks.Plottingthe clusteringcoeffi
ciert asa functionof the numter of nodesn, should
followthepowerlawdistributioriorscalefreenetvorks
(seelaterexperimets), with the clusteing coefficien
beingroughlyfour timeslargerthanrandommetwvorks
(Albertetal, 2004)Thevalueof theclusteringoeffi
ciert forarandommetvorkswill be 1/n. In thisway we
areableto compar¢hevaluesof 4/n agains€CCin Ta
bles5 and6. Asthecunulativelinksincreas&om2000
to 2006 ,thevalueof CC generallyncreasefwith the
numier of nodes) andis always significatly higher
thanthevaluesof 4/n. Eachof the gangaluedor CC
arealsosignificatly higherthanwouldbe expectedh
arandommetork.

The diameterof the netvork (longestpath length)
shouldbe approximatelyog(log(n)) for scalefree net
works. In both caseqfor the gangsandthe years)the
real value are significantlyhigherthanwould be ex
pectedor a scalefree netvork. Theaveraggathlength
shouldbe approximatelJog(n) for scalefree netvorks.
Forboththel years andl gangs datait wasactually
smallerthanlog(n), indicatingscalefree netvorks.

The statisticson degreecenrality werelow, indi
catingthatthereis nogroupleaderAs we knowwhen
GangsC andD areformed(2001and2004respec
tively), it is interestingo notethatthe characteristic
of the netvorksat this time arethatthe bewveenness
cenralisationreates0.2. It is necessario compare
theclosenesandbetveennesaverages$or eat gang
againsthevaluefor theoverallnetvork.

5.3Power law investigation

This sectionexamineswvhetherthe datawould follow
the powerlaw distributionfor scalefree netvorks, and
thereforewe plottedthe clusteringcoefficiehasa func
tion of thenumbeiof nodes.
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Measure 2000 2001 2002 2003 2004 2005 2006
Numbeiof nodegn) 1095 1295 1487 1752 2090 2229 2408
1/n 0.00091 0.00077 0.00067 0.00057 0.00048 0.00045 0.00042
4/n 0.00365 0.00309 0.00269 0.00228 0.00191 0.00180 0.00166
log(n) 6.999 7.166 7.305 7.469 7.645 7.709 7.787
log(log(n)) 1.95 1.97 1.99 2.01 2.03 2.04 2.05
Numbeof links 1565 1903 2295 2844 3540 3872 4265
Totalpossibldinks 598965 837865 1104841 1533876 2183005 2483106 2898028
Diameter 12 14 11 11 14 12 13
Averae pathlength 4.85 4.82 4.68 4.57 4.86 4.78 4.70
Density 0.00261 0.00227 0.00208 0.00185 0.00162 0.00156 0.00147
Betwveenness 0.107 0.117 0.172 0.205 0.146 0.102 0.100
CC (cumulative) 0.47 0.48 0.47 0.46 0.49 0.55 0.56
CC (per year) 0.24 0.57 0.34 0.15 0.62 0.25 0.30

Table 5 Netwvorkmeasuref®r 20002006 Clusteringoefficientarealwaysgreatethand/n.Averageathlengthsare always

lessthanlog(n).

Definition 1 A guantityx obeysa powerlaw if it is

whereU is a constanparameteof the distribution
drawvn from a probabiliy distribution:

P(x)6 xY
knownas theexponetor scalingparameteihe scal
ing parametetypicallyliesin therange2 < U< 3.
Ourinitial powerlaw investigationsiseda log-log

plot andR” valuesandtheseall produced) values
within this typical range(betveen2 and 2.5). How
everbeingroughlystraighton alog-log plotis a nece
essanbut not sufficieh conditionfor powerlaw be-
haviour (Clausettal, 2009),andthatthereareprob
lemgbiasandinaccuracyyithfitting to thepowerlaw
distributiorusinggraphicamnethodbafdonlinearfit
ontheloglog scale.

We thereforgroceedetb use maximumlikelihood

estimatiofMLE), whidch is a far morerobustmethod

forestimatinghescalingexponet{Clauseétal,2009;
Goldsteiret al,2004).We reportthe maximuniikeli-
hoal estimatef thescalingexponet(U), theestimate
of thelower boundof the powerlaw (xmin ).

By optimisingthe KolmogorovSmirnovgoodness
of-fit statistic,we canusea goodness of fit to esti
matewheretheempiricallybestscalingregionbegins
(Clausettal, 2009).Givenan observediatasetand
a hypotlkesisegowerlaw distributiorfrom whidh the

dataaredrawvn, we canthentestwhetheiour hypoth

esisis a plausibleoneusingthe goodnessef-fit test(the
Kolmogorossmirnosstatistic)giventhedataandgen
eratea p-valwe that quanifies the plausibiliy of the
hypothesis.
EmployingheKolmogoroxSmirnovestweareable
tochoosamondhehypothesdbat:

— HO: the datafollow a specifieddistribution;
— Ha: thedatadonotfollow thespecifiedlistribution.

We did not useVVuong s testto checkfor alterna
tive distributions(nonpowerlaw distributions)which
could hawe producedthe data. Ingead, becauseour
samplesizesaresmall (i.e, < 100),we explicitly used
an expErimentalfinite-size correctionas recommended
by Clausetet al (2009).

Figured showsourresultdor ournetworkbetveen

200062006.1n all caseghe exponent] is lessthan2.
Only whenthe powerlaw exponenis in the range2
a

0 3 dothehubstendto connecto form a singleco
hesivéhierarci (Andamictal, 2003). Thegoodness
of-fit (gof) and p-valueshowneverare signifiant. Even
thoughthe p-valuesare alove 0.1 (arbitrary thresh
old level),we err on the sideof cautionbecausef the
low U valueand thesmall samplsize. When is small,
meaningn  100,wecannotule outhepowerlaw hy-
pothesiqClausettal, 2009).It is possiblefor small
valuesof n, thattheempiricaldistributionwill follow
apowerlaw closely andhence thahep-valuewill be
large evenwhenthepowerlaw is thewrongmodeifor
the data(Clausett al, 2009).Howeer, whatwe can
sayis thatcertainlythe tail is heavy.

Table7 showourresultdor thepoweraw exponen
for thedifferentgangsgainsyearsThecasas similar
in thattherearesignificah gof andp-valueshowever
in nealy all casesheexponeris lessthan2, andagain
we did not testfor alternateexplanatorylistributions,
satisfiedoperationally)hatthe the tail washeay in
all casesndicatinghepresencef verywellconnected
offenders.

Gang| 1999 | 2000 | 2001 | 2002 | 2003 | 2004 | 2005 | 2006 | 2007
A 2.65| 1.47 | 1.00 | 1.91| 1.07 | 0.10 | 0.94 | 0.77 | 0.74
B 295|144 | 3.64| 1.88| 1.36 | 0.09 | 0.97 | 0.63 | 0.51
C 0.27 | 0.24 | 0.17 | 0.32 | 0.38 | 0.02 | 0.46 | 0.36 | 0.32
D 1.26 | 0.76 | 0.56 | 0.69 | 1.14 | 0.03 | 1.21 | 0.81 | 0.65

Table 7 Power law exponentfor gangsagainsyears Sig
nificarn resultsareshownin boldface.
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Fig. 9 Powerlaw investiations A power law is fitted to eat yearsdataandvariousstatisticsalculatedtheexpnentalpha,

xmin,goodnessf-fit (gof) andp-value.

Basednthesexperimeiswearethereforeinable
tocommetwhethethenetvorkspossessiragale-free
characteristichoweverve canconcludehatwe have
smahlworldnetvorkssinceconsistelly thereardarge
clusteringcoefficiets and shortermpathlengthscom:
paredo arandommetvorkwith samenumler of gang
menibers.Thismeangwo thingsfor oursystem:

— The smallerpathlengthmeanghat the criminal

activily (cortagion)spreadmoreeasilyin thisnet
workthanin arandommetvork.

— Largerclusteringcoefficieh meanghat contactof
contactsaretreatedascortactsaswell.

5.4Emergencef gangs

We migh seechangem thepathlengthandclustering
coefficiets from 2000to 2005, indicationf how the
gangshave becomanorecloselyknit or aresplitting
apart.By exanining annuallinks for 2001 and 2004,
wemigh predicthatthecunulativelinksdecreasand
theannualinksincreasgustbefore/aa gangforms,

thenboth valuesincreasafterwardss everyonde-
comesdinkedtogetherThisis notthe caseandneither
arewe ableto seeary meaningfubehaiourin these
data.

Figures10 and 11 shav the clusteringcoefficiets
for eachgarg andagainstyears,andis alsoa pictorial
view of thenew linksperyear.In Tablel1the CCvalue
of eachgangdips at 2004.What this may indicateis
clusteringdue to nongang memberqfrom Figure 4,
offendersvho areconnectedo gangmembersa*, b*,
bc* and ab* ) and less clusteringthat previousyears
betveenmembersf gangsthemselss. Thereis alsoa
significantpeakin clusteringduring2001for GangB,
whereasll othergangssuffera decreasa clustering.

6 Third-generation analysis

Thepreviousanalysesanbe considereduantitative,
cortrastedwith a moe qualitatie analysigresented
in thissectionHerewe areinterestedh examininghe
specifimodesandlinksof thenetvork.Welookatspe
cificoffenders historiegs (intermsofcrimesommit
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Fig. 11 Peryearclusteringoefficientdor eady gang Gang
C wasformedn 2001 ,GangD in 2004.

ted),investigatingvho arethe mosthardcoreffend
ers,andwhatif anythingcharacterisethe menibers
with directlinks to thosewho commitmurderor use
firearmsWe considetheroleof | trusy relationships
sudt aspartnershipsamily ties,andareinterestedh
comparinthesdieswiththosebasednco-arrestata.

Fig. 10 Annuallinks formation.Only nodedirectlyconnectetb a gangmemliar areincluded.The network measurefor

Recallinghedefinitionpresentedarlier,
1 thirdgeneration socialnetworkanalysigocusesnuch
moreintenselypnthecorentof thecortactspntheso
cial contextandon the interpretatiof suchinforma
tion. We areparticularlyinteresteth whatconsitutes
the bondingmechanisnmthattie peopletogethein dif-
feren constellationgireedethnicor tribalties,family

relationscommonrgeographicadheighbourhoodyr in-
stitutionalprison)YKlerks,2001).

6.1 Specificgangrolesor nade analysis

Therearemary definitionof gangsfor instance Pitts
(2007Yyeviewsaplethoraof definitionsaandtypologies,
everually developingheir own six-poirt typologyfor
their particularstudy.Aldridgeet al (2008)recognise
themessinesandloosenesaf the socialnetvorksre-
ferredto asgangsaswell astheirpermeablandfluc-
tuatingboundariedn cortrast,Pitts(2008)claims ar
guablywithoutprovidingmud evidencéor it, thatwe
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arewitnessinghedevelopmendf newarticulated su
pergangs with long historiesof involvemenin organ

ised crime, clearsubgroupsiole differentiationestab
lishedterritoriesand neighbourhoodortrol, vertical
links into higheredelonorganisedtrime, and organ
iseddrugdealingactivit.

The degree valuesfrom our analysisof the gangs

suggestethatthere areno obvioussingleleadershow-
everintelligencesuggesthatSouthMandestegangs
intheUK doappeato haveabasicsystenof hierarci.
Gang s A andB memberstorefirearmsat thehome
addressesf youngemaffiliatesof thegangwho areea
gerto prowe themselesto l superigf membersf the
gang.Theroleswithinthegangsncludethefollowing:

— Leader: responsibléor recruitinghewmembersSane
tionsthe enforcerso carryoutl missiong ontheir
behalfandauthorises whrarrieghefirearm.

— Provider: anindividualeitherinternalor external
to thegangableto supplyfirearmsand/oramnu-
nition.

— Enforcers/riders: nominatedndividualsvhoareac
tivegunmerior thegang. Riders areusedassup

portto thegunmerwith threeor fourridersto one
gunmanTheysurroundhegunmeron bikesuntil
thetargetis in sigh, alsoactingasdecoysshould
thegroupattracpoliceattetion. Theyensuréhat
thegunmarwill getaway whilsttheyarestopped
andquestioned.

— Runners/dealers: membersfthegangvhodistribute
andsupphdrugsusuallyontheleaderbehalfusu
ally theyoungeelemenof the group.

It is importanto notethatthesalefinedrolesgive
theimpressiomf organisatiomithin the grouphow
everthelifestyleof gangmemberss oftendisorganised
andunplannedDetailedqualitative/ethnograptde
scriptiongendto portry gargs aslooselystructured
groupghatlackclearoleexpectatiorsndstabldead

ership(Hughes2005) Firearmsncidentsbetveengangs
are sporadidn their natureand often have the halk
marksof chanceencountera/iith member®f opposing
gangswhidh malesthem difficult to anticipate.

Table8 shavs the sequencef accusearimesfor

threemember®f the Goochgang.Columnoneshavs
thefirst gangmembewith al profile, stronglyrdated
to robberyjn cortrastto the secondandthird gang
memberwith] profileg involvingguncrimeandserious
crimeslt is clearfrom studyinghesedatathatnotall
gangmenbersaregunusers.

6.2Link analysis

Duijn etal (2014)describalisruptiontechniquesnd
thenotionof socialcapitalof individualsn neworks,
oftencalculatedby somemeasuref cerrality. Forin-
stancehe strengtlof weaktiesliesin the offeringof
newopportunitiesr anotherwiseedundarfully con
nectedhetwork. Theyfollow reseaitt suggestinghat
identifyingheactordulfilling themosspecialisethsks
offer greatopportunitiefor destabilisinghe criminal
netvork. Theirideasarounchumarcapital substitutabil
ity, criminalvaluechainsandthecrimescriptingnethod
will be incorporateahto futurework.

We thusrequirea betteranalysisof link types for
instancen the studyby PatacchimandZenou(2008)
of whethemweaktiesplay animportantolein explain
ing criminal activitieg.heydeveloped modelwhere
individualslearnaboutcrime opportunitiedby inter
actingwith otherpeersThetheoreticaprediction®f
themodehreconfirmedy theempiricabnalysisince
they find that weakties, as measuredby friendsof
friends have a positiveimpacton criminalactivities.

Togiveabetteideaof theinterconnectednedthe
gangsthefollowingFigured 2andl3)demonstraty-
cles in thedata passing froronegangto another via
intermediarie§.heseexamplebare beenchoserfrom
the 200&nd 2004latawhen thenewgangs emerged.
Plottedin this way we canseethe complexrelation
shipsbetween (rivahndsympathetia@ffendersn this
geographicallymallregion Furthermordor 2001and
2004,it wouldbe interestingo examinghe kindsof
linkswithineat gangwhich emerged.

A [20/02/2007] Friend: Stop Checked T ogether

[20/02/2001 | Frisnd: Stop Qhecked Togsther [31707/200] Friend: Stepperd In Car Together

AM)
[09/03/2001] Other: Stopped Checked Taogether In car
[13/12/2001] Friend: Stop Checked Together
Dia)

[08/08/2001] Relative: Lived Same Address

OO v @ —

[21/0542001] Other: % Posgdiing with o &t /Mur

[21/02/2001] Friend: S&mn T ogether

N

[D8/06/20011] Charged With: Arested Together Sus Robbery

[21/05/2001] Other. A% Poss Liying With BEB AttéMur i

N [23/037Z007] Friend: Stop Checked Together B

Fig. 12 Cycle(2001) Thetensioris betveenGangsA (red),
B (blue),C (greenpandD (yellow). A(M) is amembenbpf the
Goochgang(GangA), howeer they are colouredblackto
represerthe crimeof murder.
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Gooch1

ROBBEFR - PERSONAL
S.5PUBLICORDERACT
THEFT/AKE PEDAL CYCLE
THEFTOFMOTORVEHICLE
GOINGEQUIPPED
ROBBEFR - BUSINESS
THEFTOFMOTORVEHICLE
MAKE OFFW/O PAYMENT
ROBBEFR - BUSINESS
ROBBEFR - PERSONAL
BREACH ANTI-SOC.ORDER
THEFTFROM MV

VIOLENT DISORDER
ROBBEFR - PERSONAL
BURGLARY OTDOTHER
ROBBEF - BUSINESS
ROBBEFR - BUSINESS
ROBBEFR - BUSINESS
ROBBEFR - BUSINESS
ROBBEFR - BUSINESS
ROBBEFR - BUSINESS
ROBBEFR - BUSINESS
ROBBEF - BUSINESS
BURGIARY DWELL OTHER
ROBBEF - BUSINESS
ROBBEFR - PERSONAL
ROBBEF - BUSINESS
ROBBEF - BUSINESS
ROBBEFR - BUSINESS
MAKE OFFW/O PAYMENT
ROBBEFR - BUSINESS
BURGLARY OTD

ROBBEFR - BUSINESS
ROBBEFR - BUSINESS
ROBBEF - BUSINESS
ROBBEF - BUSINESS
ROBBEF - BUSINESS
ROBBEF - BUSINESS
ROBBEFR - PERSONAL

Gooch 2

ROBBHRY

ROBBERY

ASSAULTS. 47

THEFTFROM THE PERSON
ASSAULTS. 47
ASSAULTS.18

RACIAL COMMONASSAUILT
DAMAGEOTHER
POSSESSEROIN

THEFTIN DWELLING
ASSAULTS. 47
POSSES8NSPECDRUG
COMMONASSAULT
ASSAULTS. 47
WITNESSINTIMIDATION
ASSAULTS. 47

ASSAULTS. 47
RECEIVINGSTOLENGOODS
S.5PUBLICORDERACT
DAMAGE (MOTORVEHICLE)
ASSAULTS. 47
BREACH:ANTI-SOC.ORDER
MURDER(OVER1 YEAR)
POSSESESANNABIS
POSSESSANNABISW/I
ASSAULTS.18

ASSAULTS.18
BREACH:ANTI-SOC.ORDER
BREACH:ANTI-SOC.ORDER
ROBBEFR - PERSONL
BREACH:ANTI-SOC.ORDER
BREACH:ANTI-SOC.ORDER

Gooch3

DAMAGEOTHER
OFFENSIVENEAPON
ROBBEF - BUSINESS
POSSESSANNABIS
TAKING A MOTORVEHICLE
ARSON

BURGLAR DWELL OTHER
ATTEMPTEDMURDER
ATTEMPTEDMURDER
ATTEMPTEDMURDER
ROBBEFR - PERSONAL
ROBBEFR - PERSONKL
ATTEMPTEDMURDER
POSESSIREARMETC.
FIREARMSACTOFFENCES
ATTEMPTEDMURDER
ATTEMPTEDMURDER
POSSESBIREARMETC.
FIREARMSACT OFFENCES
POSSESEGANNABIS
POSSESBIREARMETC.
FIREARMSACT OFFENCES
FIREARMSACTOFFENCES
RAPEOF FEMALEUNDER16
ROBBER - PERSONAL
ATTEMPTEDMURDER
DANGEROUSDRIVING
SUPPLY/OFFERANNABIS
POSSESEANNABIS
POSSESSLASSA W/I
KIDNAPPING
THEFTOFMOTORVEHICLE
POSSESESANNABIS
ASSAULT POLICE

ASSAULT POLICE

ASSAULT POLICE
POSSESEANNABIS
THEFTOFMOTORVEHICLE
MANSLAUGHTER
POSSESEANNABIS
S.5PUBLICORDERACT
ABSCONDLAWFUL CUSTODY
BURGLARY OTDOTHER
KIDNAPPING

ROBBEFR - PERSONAL
ROBBEFR - BUSINESS
MURDER(OVER1 YEAR)
MURDER(OVER1 YEAR)

Table 8 Exampleoffenderhistoriesin chronologicabrder;all threeoffenderselongto the Goochgang(GangA).

This datapresemation showsmary things about
thegangstructurefor instancehattheoffendersvho
commitnurdersarenotnecessarilypemostconnected
individualg highestegree)in facttheyarequiteof-
ten peripherahodes.Secondlyit is clearthatthere

are a signifiant numberof commonconnectionde-
tweenrival gangs.lt would be usefulto investigate
intermediatscalefeaturesneitherat nodelevel nor
netvorklevel knownascoreperiphergtucturewhidc
enails identifyingdenselyconnectedorenodesand
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. A (09700 72004] Other. Present AtEdwards Addiess Harlington

[21/09/2004] Dther: Seen Tog manmi/umngmn Riad Moss Side DE/03/2004] Friend: Stopped Together In car

N
[16/05/2004] Other: Stop Eheuiﬁ Togsther InJ10sed
A [13/08/2004] Other: M Seer| Dubside E Address
[22/04/2004] Relative: Alleger To B4 Cousins (Both Gooch)
AM)
07/06/2004] Other: 52 In Rower car

[06/03/2004] Other: & Staf
N

[30/03/2004] Other: e

=

[22/107/2004] Other: [5/C Tagether [10/11/2004] &ccomplice: Named/.\s\nvu\(%d\nAnAssau\l}D?B}dpma

=

C

[22/08/2004] Othgr: 5/C Tog [08/03/2004] Other: Found Lnitanng\E Grounds Of Wi Tog

D [25/03/72004] Friend: Seen To Enter Ts Address N

Fig. 13 2004cycle;thetensioris betveenGangs (red),D
(yellow)andB (blue),C (green).

sparsebhconnectegderipherymodesin cortrastocom
munitiesthenodesn a corearealsoreasonablyell
connectedo thosein the periphery(Rombacletal,
2014).

Oneway is usingthe cortinuousscoringdevised
by BorgattiandEveret{2000) generalisexkcetly by
Ronbachetal (2014)to anapproachhatgivesnodes
valueqi.e.,corescoresplonga cortinuousspectrum
betveennodeghatlie mostdeeplyin a netvork core

or atthefar reaclesof a network periphery.

Weshouldalsobe carefulwhenlookingatdataand
creatingnetvorksfromit. Howeer,Klerks(2001ites
thecaseof thel conspiracigs andmegahierarchiethat
policehadidentifiedn thepastmondutchandTurk
ish organisedrimewhichwerein fact stringsof inter
linkedsmallergroupsthatlackel a cerral leaderut
thatcoordinatetheiractivitiesalondogistictrailsand
throughbondsof friendship.

7 Discussion

The modelof two rival setsof gangdss potentiallya
misrepreséation of the mud more complexsetsof
smallercliquesandfluid changesvithin thelargergang
structureddoweer,thefourgamgsdiscussedoexist,
andarethe maingangswhatis not possiblds a high
degreef exactitude.

7.1 Externabndinternalfactors

It is difficult to determinghroughthe gatherediata
whatis happeningn thenetwwvorksWehavelittle recorded

evidenceof garg formation,evenknowingwhenthese
eventsl allegedly occurredsimilarly with the alleged

1 meltdown followingthedeatlof prominenjandeader
RaymondPitt in 1995 (Walsh,2005).The links are

baseduponobservationby police officers— do we ex
pect that thesecomplexsocialsituationscan be re-
flectedn thereportedinks?Canwedetectheseverts,
anddid theyreally happerastheyhare beenpassed
downto us\Vearein thedifficult situatiorof usingn-
telligencensteadf concretdacts,andthisintelligence
is oftena poor reflectionof whatis happeningn the
chaoticsociaworldof gangculture.

Werequirea much betteraralysisof link types,de
velopeda modelwhereindividualdearnaboutcrime

opportunitieby interactingwvith otherpeersfor in-
stancevhethemeaktiesplay animportantolein ex

plainingcriminalactivitiegPatadaini andZenou,2008),

especiallgandghomidde (Papachristo2009).

The theoreticaprediction®f the modelare conr
firmed by the empiricalanalysissincethey find that
weakties, as measuredby friendsof friends,have a
positiveimpacton criminalactivities Furthermordor
2001and2004,it wouldbe interestingo examinghe
kinds oflinkswithin eat gangwhich splitapart.

7.2 Cowt links

Datacollectionis very partial and certainlybiased,
sincenoteveryactoris exposedo anequalkextentand
thereforesomeof thoseobservedperhapshel usual
suspecis) cortributefar moreto the datasethanoth
ersOurearlieobserationof adecreasia clusterings
the netwvork temporarilyfragmets, beforeanincrease
in clusteringaseveryondecometinkedtogetheas
commeteduponin sectiorb.4)findsequakxplanation
throughthepolicehavingintelligenceontheformation
of anewgangandactiely seekingpbserationsonthis
ever.

8 Conclusions

The work presentedn this papercontainsour initial
findings aboutthe offender/gangetvorks in Manch
esterin the UK, using netvork analysis significantly
extendingpreviouswork (Oatleyand Crick, 2014b,c).
The police crime recordingdatabasés routinelygath
eredand availablefor analysisjn this instancet has
beengathere@dbouta six yeartime periad (20002006),
allowing substanti analysisof gangformation,dewel
opmentand interaction.The additionaldatabase®f
historiesandassociatesf gangoffendersare routinely
gatheredby the UK] s NationalCrimeAgency’, who

1 http://www.nationalcrimeagency.gov.uk/
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investigategangand gunrelatedcrimes.Thesedata
arepotentiakich source®f informatiorfor datasck

enceand analyticaltechnologie$o deliver crime pre
vertion anddetectiorecisiorsupporsystemsCrim-
inal behaviour(modusoperandandoffencearofiling)
is to be incorporateihto socialnetvorkanalysisT his
approachsesetrospectemethodologieappropriate
giventhetimescaleandthe pilonatureof mostwork.
Futurework,sud aslookingatfamily andfriendsnet
works,crimeshistoriesprogressioaf crimesusingGIS
viewshed#o aid socialnetvork analysigOatleyetal,
2015)andmappinggainstargesocialmediadatasets

(Burnapetal,2014Procteetal,2013) mustbe given
the resourceé orderto increasehe validity of deci
sionsconcerningheir contributionas well as develop
wider positivesocieculturaloutcomes.

Theusesof thistedinologyin anoperationaton
textarethussignificah As highlighedin
GoldingandMcClory (2008),poor intelligenceandin-
formatiorsharingpetveen schoolndpoliceis a per
vasiveproblemthroughouEnglandandWales,along

with un-coordinatedpproaabsto outreackvorklead
ingtomissedapportunitiekorintenention Withgangs
takingoverterritory creatingirtualf nogq areas
(whereresidets may fearfor their safety),alongside
uncleadomestitegislatiomegardin§irearmsndother
offensiveweapon®ver the studyperiad, thereis a sig-
nificart opportunity for police utilise theedniques
we hawe describedor widespreadperationabenefits.
Evenusingthe netvorksmerelyasvisualrepresenta
tionsof otherwise&ognitivelyunmanageable data

tainedin spreadsheetsxddatabaseis operationally
useful,for knowledgesharingandtrainirg, andiden
tifying key offendersWith furtherpreprocessindhe
qualityof thedatacollectiornprocesandanalysiss im-
proved,with significabfutureapplicationgespecially
in apolicy cortext)available.
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