IDENTIFYING EFFECTIVE
INVESTIGATIVE PRACTICES:
A NATIONAL STUDY USING

TRAJECTORY ANALYSIS

Trajectories of U.S. Crime Clearance Rates

[PHASE | REPORT]
Principal Investigators: Dr€yrthia Lum andCharles Wellford
Graduate Research Assistarifsiomas L. Scott and Heather Vovak

For the Laura and John Arnold Foundation

March 2016

Z

B1 GEORGN

UN!VERSIT

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

m

@/ UNIVERSITY OF
MARYLAND

=<



1| LongTerm Trajectories of U.S. Clearance Rates

This report is part of an ongoing Criminal Justice pr@attled Identifying Effective
Investigative Practices: Aalbnal Sudy Using Trajectory Analysisade possible by generous
funding from the Laura and John Arnold Foation (LJAF).

For questions about théunding of this project and the LIAF:
Rosemary Nidiry

Director of Criminalustice

The Laura and John Arnold Foundation

3 Columbus Circle, Suite 1601

New York, NY 10019

(212) 4363621

rnidiry@arnoldfoundation.org

For questions and more information about the content of this report:
Dr. Cynthia Lum, corresponding principal invgator

Center for EvidencBased Crime Policy

George Mason University

4400 University Drive, MS 6D12

Fairfax, VA 22030

Phone: 703933421

clum@gmu.edu

CITATIONFOR THIS REPORT

Lum, C., Wellford, C., Scott, T. and Vovak, H. (20d&jectoriesof U.S. Crime Clearance Rates.
Report for the Laura and John Arnold Foundatfesirfax, VA: Center for EvidenBased Crime
Policy, George Mason University.



Lum, Wellford, Scott and Vovak

Contents
Introduction and OVervieWf the PrOJECL............uvviiiiiiiiiiieiiiiei e 4
Identifying Trends of Clearance Rates across U.S. AQENCIES.......ccoerrrrririiiiierieeaeeeeeaaaeeenn 9
A. Trajectory Analysis for Crime ClearanCes..........cooviiiiiiiiiiiiieeee e 9
B. Clearance Data and SAmPLe.............oovviviiiiieieiiiiiiiiii e e e 10
C. MiISSING DAta ANAIYSIS......eveerrriiiiiiiriiieirsss s ss s s e s s s e e s s e e e e e e e e aaaaaaaaaaaaaaaaaeaaaeeeeeeeees 11
Trajectory ANalySiS RESUIS............uviiiiiiiiii e e e e e e e e e e e e e e e e e aaaaaaeeees 14
A. Homicide Clearance TrajeCtONES.........ccoeeeeiiiiii ettt 14
B. Robbery Clearance TrajeClOlIES . .....cuii it 17
C. Aggravated Assault Clearance TrajeCtOries.........ccovvvvviiiiiieeiieiiieieeeeeeeeeeeeeeeeeevaaeees 19
D. Burglary ClearanCe TrajeCtONES. .......oiiiuiiiiiieeeee et 21
E. Vehicle Theft Clearance TrajeCtONES. .......cuvvvvvriiieiiiiieiiiiii e 22
F. Larceny Clearance TrajeCtori@S......ccceeeeiiieeiiie e 24

G. Using Dual Trajectory Analysis to Explore the Relationship between Clearance Rate

Trajectories and Crime Rate TrajeCIONIES........uuiiiiiieeeiiiiiiieee e 26
[Ny AR (=T o L= PP PPPPPPTPPP 28
Selecting Agencies for the NeXt PRASES........coooiiiiiiiiiiiieeee e 28

R B O EINICS. .. e e e e e 31



3| LongTerm Trajectories of U.S. Clearance Rates

Tables and Figures

Figure 1. Yearly crime clearance rates for the United States from2@B3 (all agencies

With 100 OF MOIE OFfICEIS)....uuuuriiiiiiii e 5
Figure 2. Final Sample of Agencies Examined for Each Crime.Type........cccccceeveeeeeeeenn.. 12
Figure 3. Trajectories of Homicide Clearance for Full Sample (n=519)............ccccivvnnene. 15

Figure 4 Trajectories of Homicide Clearance for Largest Agencies Subsample.(n=92)..16

Figure 5. Trajectories of Robbery Clearance for Full Sample (n=729)..........ccccccovveeeee.. 17
Figure 6Trajectories of Robbery Clearance for Largesn&gs Subsample (n=92)............ 18
Figure 7. Trajectories of Aggravated Assault Clearance for Full Sample (n=673)........... 19

Figure 8Trajectories of Aggravated Assault Clearance for Largest Agencies Subsampl2Qn=86)

Figure 9. Trajectories of Burglary Clearance for Full Sample (n=757)........ccccocvvveeeeennnnn 21

Figure 11. Trajectories of Vehicle theft Clearance for Full Sample (n=749).................... 23
Figure 12Trajectories of Vehicle Theft Clearanoe ffargest Agencies Subsample (n=92).24
Figure 13. Trajectories of Larceny Clearance for Full Sample (n=7.29).........ccceeeevveeeennn. 25
Figure 14Trajectories of Larceny Clearance for Largest Agencies Subsample.(n=91)...26

Figure 15. Characterizing Agencies across Clearance Trajectaries...........ccccvvvvvvvvnnnnnnnns 30



Lum, Wellford, Scott and Vovld
Introduction and Overview of the Project

One of the most important functions of law enforcement is the investigation and
resolution of crimes. Ithe last half century, Americgmolice agencies have seargreat deal of
advancementand innovation ircriminalinvestigations, starting with the standardization and
computer automation of case documentation and processing to improvements in forensics and
investigations technologies to identify suspects more accurately and quickly. @nahests
have also become an important partiof/estigations assisting with searching for individuals,
gathering clues, and generating patterns of similarities between c&satculaty for serious
victimizations involving violence and theft, policeeagies devote significant amounts of
resources, often 120% of their annual budgets.

Despite these recent advances and despite the resources allocated to investigations, the
resolution or clearance of crime in the United States is arguablyliotive latest year for which
data are available in the United Stat@014) there wereapproximately 1.08 million violent
crimes reported to the police, of which 53% weat cleared by an arresir exceptional
means including 472homicides! In addition, of the 7.5 million serious property crimes that
occurred in 2014, almost 6 million remained unsolved (about 8b#tdtal, thisamounts to
approximately 766 of all serious crimebat did not result in a resolution & crime

Perhaps evemore provocative is that these clearance rates have not changed much
over the yeardor many crime type¢Braga et al., 2011)or example, iour analysis, we
examinal yearly clearances fdromicide, robbery, aggravated assaults, burglaghicletheft
and larcenyas a proportion of the number of those crimes per year for all U.S. agencies with
100 or more officersAs Figure 1 illustrates, fro&®81through2013 clearance rates for
aggravated assaultsave hovered around 60%; robbery in the32% range; and burglary
stayingrelatively stable between 1415%. Clearance rates feehicletheft and larceny have
slightly declined or increased, respectively, but average around 20%. Homicide cleacarades f
agencies nationwle have been on the decline from the 196fism 92% to 65% today (see
Cronin et al., 2007)Ve see a similarlgownwardtrend in our data.

1 See Crime in the United Stai®614, at https://www.fbi.gov/aboutus/cjis/ucr/crimein-the-u.s/2014/crimein-
the-u.s-2014/offensesknownto-law-enforcement/clearances/main.
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Figure 1. Yearly crime clearance rates for the United States from 1981-2013 (all

agencies with 100 or more officers)
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The stability of crime clearancatesoverextended periods of timas well agshe
significant decline in homicide clearance since 1Bé0sraises questionaboutwhat might be
causing these low, stable, and/or decliniclgarance rates and whether the police can do
anything to improve this situationwhile it is likely that agencigaimic these national trends
there may bevariations that are masked liiese nationwide clearance rate trends. It is
possible that soméaw enforcement organizationsiay bebetter at clearing crime than others;
perhapsdue to betteruse oftechnologiesjnvestigativetechniques policies, best practices,

and/or resourceexpended Or,maybeagenci es
rates of clearance for particular types of crimes that explain these stable nationwide averages.

ar e

very sinmll’ar

Current research on crime clearances leaves nnliesequestions unanswered
(Braga et al., 2011; Wellford and Alexander, 2015). In faetgtislittle research on the link
between the efficacy or effectiveness of investigas and crime clearance ratese$earchers
are much more likely to conduct evaluations on patrol operations. For example, the Lum,

an
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Koper, and Telep Matrinow housesl46 moderate tovery strongevaluation studies of

policing However less than 1Geem connected tthe work of investigative unitsand those

units are unusually involved in some kind of problerrented project rather than traditional
investigative practices (see, e.8ynum and Varano, 2003; Eck and Wartell, 1888 et al.,

1998; Koper et al., 2013; Martin and Sherman, 1986; Nunn et al., 2006; Spergel et al., 2002).
Indeed the investigative function has been largely detached from recemdvations in policing
and police research, such as community policing, probdelented policing, or hot spots

policing, all which has been connected to crime prevention

The research we do have on investigations tends to focus not on the outcome of
invesigative practices and their contribution to crime deterrence, prevention or reduction, but
more on the impact of investigative practices on clearances of individual cases. For example,
groundbreaking research conducted during the 1970s and 1980s by the RAfporation and
others raised questions about the utility of investigations by showing that the outcomes of
criminal investigations typically depend on information obtained by patrol officers who first
respond to the scene, arttiat follow-up activitiesby detectives appeared to add little to the
apprehension of offenders (Greenwood and Petersilia, 1975). Horvath et al. (2001) also found
that the process and management of criminal investigatioase changed little over the last
several decades.

Concerrover the ability of police investigations to impact crime rates and crime
clearances led researchers to examine ways to improve criminal investigations through better
management, training, policies, and investigative techniques (e.g., Cronin et al. E2%)7;

1983; Wellford and Cronin, 1999). There has also been grovitieinse ofdata systems, crime
analysis, and forensic techniques that might helproveinvestigations (e.g., see Danziger and
Kraemer, 1985; Roman et al., 2008; Zaworski, 20R0&3earchers are just beginning to learn
more about the effectiveness of these efforts in improving investigations.

The bottom line is that we know little about whether specific investigative techniques or
an agency’ oliciesimpad trimgtzatancessad in turn,crime ratesHowever,
understanding what causes trends of case clearances in police agencies is important, and not
only because significantamount of police resources are spent on investigatidmgestigations
have symbolic and aational significance in both law enforcement circles and society.
Investigationsand clearance of crime incidents through arrest is one of the defining mainstays
of American policing and occurs not just in investigative units, but also geatred and

2See Lum et al. (2011) and also http://cebcp.org/evidebasedpolicing/the-matrix/.
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specialized units. Citizens and politicians judge the police in large p#rel ability to solve
cases, and highrofile case®ften make the newsOne only needs to attend Compstat or
managerial meetings to sdbat police executivearefrequentlyconcerned about the statuef
unsolved, higkprofile casesin surveys of police exedues improving investigations was
consistently identified as sesearchpriority (IACP 2008).

Perhapsanost important is that unsolved crimes cluster in those communtties also
often havethe lowest levels of support for law enforcement. Low clearance nates
communities already suffering from high rates of criooeild reflect—or contributeto—the
lack of trust, confidencecooperation, or supporand support for law eforcement in those
communities (Carter, 2013). Fortunately, improving speedin whichpolice resolvecases is
something that both law enforcement and citizens value. Understanding why rates are both low
and don’t seem t o c hatwyrse), and ehether thigrsguatiorocanbp e r h a p
improved, iscriticalin delivering higlguality police service to communities.

Giventhe importanceof improvingour understanding of investigative clearanees aim
to better understandvariations in clearance rate trends amongst individual law enforcement
agenciesand whether they follow or deviate from national trend3ur plan isto usewhat we
anticipateare natural variations in clearance rate trends across agernoiedentify a sanple of
agencieghat differ in clearance patterns but are similar in crime levels, and thexémine
organizational practice® explorewhy someagencieperform better that othersToward this
end, this project consists of three phases

Phase I: A nzonal trajectory analysis of case clearance datahis phasencludes
determinngwh et her t her e ar eorguonps of lorgitudinakpatterest t or i es”
clearance rate for individual agencigbat may be maskedty the national trends described
above.We examine the clearance rates from 198tb 2013for U.S. law enforcement agencies
with over 100 officers, and also a subset of this sample, the 100 largest agencies (as determine
in 1980, the start of our anali®. Wethen conduct dual trajectory analysis on the 100 largest
agencies to understand the relationship between these clearance rate trajectories and crime
rates.In later analysisve will examine other factors that might contribute to these trajectories

Phase lIConduct focus groups with police agencies to better understarase
clearance trajectoriesOnce we identify trajectories of case clearances for individgehcies
for specific crime types, we will select a representative sampsgehciesn which to conduct
morein-depth examinationCategorizing agencies with regard to their ldegn clearance
rates will allow ugo further surveyand analyze smaller samplesagfengesand what might
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contribute to their clearance rate trends over tinféor example, we might group agencies into

“hi gh perf or mer s-dverdge aearancesdtedrajdctbrigs oaeb time eompared

to others), “improvers (over time have signi
nati onal t rfeonrdnse)r,s ”* | (ocwo -apeeane tleanaricd rgtes bverltime)or
“decliner§ (t hose who have consistent declines in
the national average). Why do some agencies worsen in their clearance rates when the general
trend is stable or even improving? Perhaps there might be changes in reporting at the agency
level that might explain thespatterns, or perhaps real changes in investigative techniques,
technologies, or policies over time have had an impact. In order tiebenderstand these

phenomena, we propose to conduct interviews and focus groups of relevant personnel from

small subsamples of different trajectory groups as describe above.

Phaselll: Conduct ase analysis at four agencies with significantly increepsand
decreasing crime clearance trajectorigsinally, we willdentify four agencies to examine
investigative cases and processes more carefutly evidence significant improvements in
their clearance or who have worsening clearance rates over timthelse indepth case
studies, we will select particular crime types to study based on our trajectory and organizational
analysis, to examine the nature of these agen
closed case files, and by using standadidata collection instruments, we will describe case
characteristics and the investigative practices and resources applied ircaae his will allow
us to determine the role the specific practices used by police contribute to clearance. In
addition, we will collect information about agency policies and resources that are thought to
account for clearance trends. We will alaterview staff responsible for the cases/crime types
to seek their explanations of whaycasewas clearedr not or why we see a particular trend
during our analysis. Finally, we will collect information on the demographic, economic and
social context of the area where each offense occurred. It is this phase of the research that will
allow us to make specifrecommendations to agencies trow they mightimprove clearance
in ways that are just (i.e., minimize false arrests) and respectful (i.e., increase community
support for police).

In this report, we present the results of Phase I.
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|dentifying Trends of Clearance Rates across U.S. Agencies

As Figure 1 illustrated, the proportion of crimes cleared in the United States for serious
crimes of homicide, robbery, aggravated assault, burglary, vehicle theft and larceny have been
relatively stable—or in the casef homicide declining—since the 1980¢see also Braga et al.,
2011) Due to this stability, Braga et al. (20EL)ggesthat improvements in investigative
techniques and resourcesaynot appear to have translated into an increased probability of
arrest for offenders (p. 8). But these proportions reflect the total clearance across thousands of
agencies. Perhaps these national averages might mask important differences across agencies in
their clearance rates and across different crime types within those agencies. It is likely that just
like clearance rates themselves, these improvements might vary substantially at the agency
level. To determine variations in clearance rate trends actdssagencieshat might be
masked by national averagase usea technique known as trajectory analysis.

A. Trajectory Analysis for Crime Clearances

Trajectory analysis is a groigased modelingechniquethat allows for longitudinal data
for largenumbers of unitof analysigseeJones, Nagin, & Roeder, 200lagin, 19992005
Nagin and Land, 1993[rajectory analysis often usedor exploratoryanalysisandto develop
hypotheses to explain differences across certain groups (Nagin, ZBf¥59xample, trajectory
analysishas been used developmental criminology to examine hdavge samples of
individuals might be grouped according to their different offending patterns over their life
course.Weisburd et al. (2004) used trajectory anadytsi group crime trends across thousands
of street segments over a fourteen year period into discernible longitudinal trends. In our
study, we use trajectory analysis to categorize hundreds of police agencies, each with their own
longitudinal trends of cme clearance, into a manageable number of clearance rate patterns.
The use ofrajectory analysis for analyzing national crime clearance data is innovBipve.
grouping clearance rate trends of individual agencies into a manageable number of similar
trends we may see variations from the overall nationwide (stable) trends. This aségiimg
the variations in agency clearance rate treneiasily identifying agencider further study, and
exploringwhetheot her characteri sti csipmamgdivertiajecdory age nc

grouping.
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Groupbased trajectory analysis based on a semiparametrigroupbased modeling
strategy and is similar to hierarchical modeling and latent growth curve modediegpnes et
al., 2001)It isafinite mixture moaelingapplication that uses trajectory groups to hypothesize
about unknown subgroups in the populati@nthout assuming any particular population
distribution (Nagin and Odgers, 2010)wo statistical criteria are uséd model the best fit of
data to a particular rgroup solution: theBayesiannformation criterion (BIC) and the Akaike
information criterion (AIG)which tend tomprove when more trajectory groups are addedao
particularsolution. Deciding what numbef trajectory groups is adequate requires not only
examining the BIC and AIC, lusing other probabilitgriteriaandtime-intensiveexploratory
techniqueswhich we employ in our analygs{see Nagin, 2005).

B. Clearance Data and Sample

We estimatedclearance rate trajectories for homicide, robbery, aggravated assaults,
burglary, vehicle theft and larceny for all U.S. agencies with 100 or more officers, as well as the
100 largest agencies in the U.S. within this samfile.data used in this study dees from the
“Of fenses Known and Cl earances bRedemrBureasof” s
Investigation (FBI) Uniform Crime Reporting (UCP) progiEime UCR program is a natiaide
statistical compilation of crime reporting and clearance data that is prodéroed data
received from over 18,0006ity, universityor college, county, state, tribal, and federal law
enforcement agencies voluntarily participating in the progr&achyear it asks agencies to
submit the total number of reported crimes (in various categories) and also the total nushber
offensesclearedby arrest or exceptional means. It is important to note that an agency can
report a cri me as curredine2805,dodexample, butbal imberisat o c
counted as a 2014 clearance in the UCR.

Because we are interested understanding ldegn patterns of clearance rates across
agencies, we analyZ? years of clearance rates from 1981 through 2013Hose aggencies
with law enforcement functions that hatioO or morefull-time authorizedswornofficers as
determined by the Law Enforcement Management and Administrative Statistics (LEMAS) survey
(2007). In our initial proposal, we decided to limit our analysisagencies with 100 or more
officers as well as clearance rates after 1980 for two practical reasons. Prior to 1981, many
agenciesn the UCR did not appear to have clearance rate statistics availablagandies

3 Due to the lengthy time period of data needed, the UCR data was obtained from theuhitarsity Consortium
for Political and Social Research (ICPSR) website (http://www.icpsr.umich.edu/).

u

m
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smaller than 100 officers often did nogport arrest rates for specific crimes or had 0 clearances

to report. (We return to this issue shortly in odiscussioro f “ Mi s™JUsaign @at he “ 10
mor e of f i c e903agenciedfell eithin oul pdirview. As we were also interested in

the clearance rates of those agencies with the most crimealse sharpened our focus

smaller subset of this samplehe largest 100 agencies as determinedigir size at the

beginningof our time series (1980)

UCR presents counts of crime and cleardiocdd981—-2013 in yearly datasets
disaggregated bgnonth, per year, for each crime typ€oconduct trajectoryanalysisve
compiled this data into yearly clearance rates by summimgddita across all months for each
year, for each agencyandfor each crime typeWe definal the clearance rate of any given
crime as the total number aflearances for that yeativided by the total numbers of crimésr
that year. We did thisseparatelyfor homicide, robbery, burglary, vehicle theft and larcelrgr
aggravated assaultsebause the UCR collects all assaults (both misdemeanor/minor and
felonious/aggravated), we parsed out only categories of aggravated assaigtsi(n assaul t , ”
“knifeée,dssa@tuher weapon as s atadrdate Clearancedratésforand / f e
aggravated assaults. This process produced 32 annual clearance rate(Q®3Xor each of
the sixcrime typeswe were interested inand for903agencies in our sample

C. Missing Data Analysis

Before conducting the trajectory analysis, we needed to resolve the issue of missing
datawithin the UCR data. While trajectory analyisisiot overly sensitive to some missing data,
substantial amounts of missing data over consecutive years can aaagic problems
Missing clearance informatiocould manifest in theJCRdata in various forms. For example, in
any given year , AgencyitstoBbery coayenesthitbedJ€CR. Omibt t o
may reportits robberiesput not report the number of robberies cleared by arrest or
exceptional meansAnother possibility is thafgency A may report its robberies, but have a
year in which it did not clear a single robbery ca&gency Acould also havayear when it had
zero robberies, butleared 2 robberies from previous years (which UCR counts as 2 robbery
clearances for the current yeaWhileeachof these situations are substantively different, the
UCR does not indicatee¢mature of a missing value of crime or clearance. A missing f@alue
clearance rate data derived from the U€duld, therefore,equal zerope undefined (as in the
case of 2 robberies cleared but no robberies occurrorgjt could simply be unreported.
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Because of this, we could not assume that thearanceratd or r obber yinf or Agen:
which no value appeared in that cell was either zero or unknown

This problem compounds given the muygar nature of our dataset. After calculating
the proportion of crimes cleared foeachagencyandfor eachcrimetype andeachyear,
missing datgroblems existed throughout the data in very few discernible patterns. In some
agenciesdata might be missing for a few years of the 32 years collected, sometimes
consecutively and sometimes not.o deal with this problem, we made the following decisions.
First, wedeleted all agencieom lllinois due to theihistoricallyextensive missing data in the
UCRWe also decided teemowe all agencieslassified as state highway patrglyen our
interest in locajurisdictions Thisreduced the sample siz# agenciesvith 100 or more officers
to 836. Florida also had extensiwgssing datan its aggravated assault data, we deleted
Floridaagenciesfrom only theaggravated assaudtata. After consulting witttrajectory
modelingexpertson themissing datassue we further eliminatedagencies with 10 or more
years of missing datas well as gencies with seven or more consecutive years of missitg d
for each crime typeAfter our deletions, the final sample of agencies for eatimetype of
interestis shown irFigure 2

Figure 2. Final Sample of Agencies Examined for Each Crime Type

Crime Type Full sample Smaller subsample

(agencies with 100 (largest 100
or more officers) agencies)

Homicide 519 92
Robbery 729 92
Aggravated Assault 673 86
Burglary 757 92
Vehicletheft 749 92
Larceny 729 91

We also noticeautliersafter analyzing descriptive statistics across our dettéch
appear to ke input errors. For example, the number of clearances for yearfor one agency
was marked a%999’ in the UCR raw datavhereasin previous and future months, clearance
numbers were less than 10Ve decided ta@hangethat yearof clearance for thaagency
“missing ¥Theseadjustmentsdid not change the final number of cases in the sample.

4 This included &gencies in the assault data in 1993, 1 agency in vehicle theft in 1984 and 1 agency in the robbery
data for 1993.
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In the next section, we report our trajectory analysis findifayseach crime type for the
total sample as descriloen Figure 2
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Trajectory Analysis Results

As described above, trajectory analysis allows researchers to group longitudinal patterns
of a large sample into a manageable number of tre®ow, weconduct trajectory analysis
on the data we constructed from the UCR $x crime types-homicide, rdbery, aggravated
assaults, burglary, vehicteeft, and larceny. Doing this for clearance rates helps us identify
agencies that follow similar trends as the national average trend, and those who substantially
differ from it (e.g., have much better or worse clearance rate trends). The gtabaialysids
to classify agenciae understandthe relationship between their investigag\practices and
these patterns.

A. Homicide Clearance Trajectories

Because homicides are a rare crime and because clearances are even rarer, the
calculation of homicide clearance rates (total cleared/total homicides) across ageecigear
can vary widelyThewide variance in homicide clearance rates per year contelsub a
difficulty of trajectory analysis to converge on a soluttdn.prior work with groughased
trajectory modeling, one of the authors discovered that raising the maximum value could aid
the maximum likelihood estimator in converging on a maxinfurhus, this technique was used
here. Tle research team sehe maximumvalueof the highest value dfiomicideclearance
ratesat a tenfold increaseFor the full data setie maximunclearance ratevas 10, so the
maximum valudor the full sample modelingvaschanged tal0Oinstead of 10and for the
subsample of the 100 largeagenciegshe maximum value waset to40 as the maximum
clearance rate in that data was 4

The censored normal modeCNORNwas selecteds the bestype oftrajectory model
for clearancerates giverit is scale datavhich may contain clusters at the minimum or
maximum of the data (Nagin, 20p%Ve set the parameters of each group (zero to third order),
and added trajectories until the model either stopped improving (based on BeaBd AIC),
began adding unsubstantial trajectory groups that simply split existing groups into fractal

5The method uses general quaseéwton maximum likelihood estimation to identify parameters in the data that
maximize the likelihood functio
5 Discussion with experts in the method suggested that this approach was an acceptable alteration of the model.
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representations, created trajectory groups containing fewer than 5% of the sample, or could no
longer converge

For our full model of 519 agenciesith 100 or more officers, weelectedthe 3-group
model (BIC=5397.82 AIC=5374.43, as shown in Figure Zhe 4group model produced one
group with only 8 agencies, which falls under the criteria for at IB&sbfcases in each
trajectory group. The IE for the 3group model was an improvement over thegfoupmodel
Therefore, the3-group model was selected as the optimal modéhder each figure, the
proportion of agencies for each group are showhe posterior probability for each of the four
groups is0.88or above, which falls within ORfargacim’' s

group.

Figure 3. Trajectories of Homicide Clearance for Full Sample (n=519)
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High decreasing 52.7%

These results indicate that the downward natiauide trend in homicide clearance is
not the case when looking at specific agencies. Indeed, approxima&@&yoBgencieswith 100

or more officers appear to have stable and even increasing homicide clearance rates over time.

A large group ohgenciegabout 53%) also do not match the natimidle average trend in
homicide clearances, beginning at higher rates in 1981, and dropping only slightly below the
80% range in 2013. Orilyp%of our sample were consistently performing below the national
average declining in clearance over the study [oefi

”Recall, many agencies were excluded due to their missing data.
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When examining only the subsample of the 100 largest agencibe U.S.a 4group
trajectory solutionfit the data bestBIC=393.70, AIC=408.8&)nsisting of four linear
trajectories—two increasing and two decreasiag shown in Figure#Both the BIC and AIC
indicatedthat this model was an improvement over the thrggoup model, and a comparison
using Jeffery’' s scale of evidence for Bayes f
probability of correct classification was above 0.8dach group. A fivgroup model did not
converge on a solution.

Figure 4. Trajectories of Homicide Clearance for Largest Agencies Subsample
(n=92)

Clearance rate
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|
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Low decreasing 21.1%
High decreasing 39.5%

Low increasing 18.6%
High increasing 20.7%

Here, overall trajectory patterns mimic the larger sample, but with important
differences. Firstalmost40%o0f this subsample reflect the national trend; homicide clearance
rates start off high and decline over time, from about 80% in 1981 to 60% in 2013. However,
while only a small group of agencies in the full sample (recal@o) were consistently
performing under the national average of homicide clearance rates over time, this group
represents a larger proportion of this subsample (21%). This may indicatthéhktrgest
agencief whi ch | i kely also suffer fr omicideditend gr eat e
to fall more likelywithin a lowerperforming group. As with th&ull sample someagencies

8 We did not purposefully try to fit the same number of trajectory solutifersour full sample and the subsample
of the largest agencies. Rather, we conducted each analysis separately, with the objective of determining which
sample would be most useful to carry out our further analyses in Phases Il and Il of this project.
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seemto be clearing homicide cases better thdre national average (21%), showing
improvementover time. And, there appears to be a group (around H®%gencies) who
performed below the national average 1980but seem to be improving over time with regard
to homicide clearancelhis group was not apparent in the larger sample.

Our analysis of homicide trends indicates that there is substantiati@miin homicide
clearance rate trends in U.S. agencies that were masked by the nationwide trend of homicide
clearance as found by Cronin et al. (2007) and as shown in Figure 1. Sinslauilypbashown
for robbery, aggravated assault, burglavehicletheft and larceny, the national trends of crime
clearances can be deceiving when examining specific agencies using trajectory analysis.

B. Robbery Clearance Trajectories

The finaltrajectory solution selected for the full agency samfaerobbery (n=729) was
the 5-groupsolution(see Figure 5)as ithad the highest BI€11523.86)and AlG11551.41)and
added a significanly new trajectory groupcompared to thed-group solution The posterior
probability of group membership was above 0.89 focle#&rajectory group.

Figure 5. Trajectories of Robbery Clearance for Full Sample (n=729)
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Low stable 20.0%
Mid stable 39.8%
High stable 7.4%

Mid increasing 17.0%
High decreasing 15.8%

Recalin Figure lthe averagetrend of robbery clearanctor all agencies with 100 or
more officerss stable, fluctuating between2238%. However, our trajectory analysis reveals
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agencylevelvariations. For example, althoughsgnificantproportion of agencies seem to

follow this stable, lowclearance rateérend (about 40%), there appears to be at least 17% of
agenciesvho have signifantly improved their clearance obbberies,and another 7% of
agenciswho consistently perform much better than the national average. Further, about 20%
of agenciesonsistently perform lower than the national average, with clearance rates of about
0.20,and another 16% adgenciesvho initially began at higher clearance raieghe early
1980sthan the national average, but declined to the national average over the 32 year period
of analysis.

When examining only the larges00agencies, a fivgroupsadution also emergedsee
Figure 6pased on the BIG422.44 and AIC3440.0, and also because of the unique
trajectory group introduced in the five group model, compared to the fdine sixgroup
model,despite being favored by the information criteriereated a group that simply split the
high decreasing group into twughdecreasing groups, with one representing less than five
police agencies.

Figure 6. Trajectories of Robbery Clearance for Largest Agencies Subsample (n=92)

LO__

Clearance rate
3 4
| |

2
1

~—

T T T T T T T T T
1980 1984 1988 1992 1996 2000 2004 2008 2012
Year
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Low stable 7.7%
Mid increasers 19.5%

High decreasers 13.4%

Interestingly, when analyzing the largest agencies, almost half seé&e performing
under the national average in robbery clearance. This could be the case becausagbaesies
are likely also agencies in which the prevalence of robbery is relatigy Another 20% seem
to be performingsimilady to the overall trendwith a slight increase in robbeglearancesLike
the full sample, there are also agencies who start better than the national averd@8@0but
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have declining robbery clearances otiene. And finally, there is a group that while on a sharp
declineb et ween 1980 and 2002, seems to be i mprovi
robbery clearance rates.

C. Aggravated Assault Clearance Trajectories

The clearanceatesof aggravatedor moreserioug assaults tend to be higher, on
average than other crimes, often because the suspect is known. When looking at the total
aggravated assaults cleared in the Uctaranceates tend to hover around 60%. The
trajectory analysis, howevereveals a very different finding. Here, the model selected was a
groupsolution(BIG9216.51 AlG9266.19 as shown in Figure. The posterior probabilities for
each group are all abov@91. Although a7-group model dil produce a lower BIC aC,it
split the second and thirdrajectoriesinto similar trajectories The 6group trajectory added a
new group not preseniithe 5group solution

Figure 7. Trajectories of Aggravated Assault Clearance for Full Sample (n=673)
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Here,17%of our sample do follow (and actually exceed) the national trend, with
clearancestarting at 60% and increasing ewer 70%. Howeverl1% of agencies perform
significantly lower than the national average over time, and anofl@86 seem to be declining
in their ability to clear aggravated assault cases. InterestingBg af agencies begin with very
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low clearance rates in 1980, but then shoot up to the national average in 208her 266 of
agenciedegin above the national average at 0Bf%but decreas to near the national

average of 60%. Finalghout 10% ofagencieave an extremely high clearance raund

85%, which decreases slightly over tifany questions arise here, including the influence of

the reporting of domestic violenceonthesetn ds and why t hato change di
uniformly affectall agencies (for example, we might expect agencies to show continual

improvement over time since the 1980s).

We also see some significant variationaggravated assault clearance rates in the
largest 100 agenciesigure §. We found that although a-§roup model showed the greatest
improvement according to the BIC and AIC, it simply broke one group, the high decreasing
trajectory, into two high decreasing trajectories. Since the BIC has a tendency to favor the
creation of moe groups when fewer appear to fit the data more appropriately, and since this
new group did not add substantially to the explanatory picture, we decided to seledtthe
group model as our optimal solutiofBIC2165.97 AIC2183.15. The posterior probabties
were all above 0.95, meaning there is less than a 5% chance for each trajectory group that an

group.

agency was incorrectfcas si fi ed to its real

Figure 8. Trajectories of Aggravated Assault Clearance for Largest Agencies

Subsample (n=86)
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Manyagenciesexcept for thel5%we | ab el as “deseenet@bgi ng
declining in their ability to clear aggravated assault cases, although about a third of agencies
appearto be at or above the national averages.

D. Burglary Clearance Trajectories

On average, Wirglary has traditionally suffered from a very low clearance rate for the
last three decadem the U.S.hovering (if not slightly declining) around 14%wever, burglary
IS @ major concern in many communities and police agenkiesur analysis we find much less
variation in the clearance of burglary across either our full sample of all agencies with 100 or
more officers,or in our smaller subsample of the 100 largesB.agencies. For our full sample,
we settled on a-groupsolution BIC28576.6Q AIG-28606.69 posterior probability for each
group .94). The solution is shown in FigureThe 5group solution added ongroupthat was
underour 5% of casethreshold Over half of our sample (nearly 55%) haview, stable
clearance rate thatalls slightly belovthe national trend. However, a quarter of our sample
(26%) begins with a low clearance rate amgroves over timeo nearly 20% clearance. 14% of
agencies begin atlaigherclearance rate of 28% btiien drops to belovthe national average.
Almost5% ofagenciedegin at a lgher clearance of 25%, improving in the late 1990 then
droppingback to around 25%which is still above the national average

Figure 9. Trajectories of Burglary Clearance for Full Sample (n=757)
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The model selected for the largeagency subsample revealed a tgomoup solutionto
be the best fit(BIC=4836.93; AIC=4844.49; posterior probability for each gro@8Fas shown
in Figure 10 Again, while more groups can alwdescreated, substantively new or distinct
trajectories did not seem to appear. As with the full sample, most agencies seem to hover
belowthe national average, while about 40% of the laagencieseemto have declining
burglary clearance rates since the 1980s.

Figure 10. Trajectories of Burglary Clearance for Largest Agencies Subsample
(n=92)
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E. Vehicle Theft Clearance Trajectories

In generalyehicletheft has been on the decline, with the advent of better security
technology for carand changes in practices.g.,not leaving keys ian unlocked and running
car). Further, many vehicles are recovered (although agencies do not count recoveries as
cleaing a crime o¥ehicletheft by arrest or exceptional meangjor our full sample aiigencies
with over 100 officersa 3-grouptrajectory solutionemerged(BIC=15948.74;18-15981.08
posterior probabilities for all groups0.96) as shown in Figure 11
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Figure 11. Trajectories of Vehicle theft Clearance for Full Sample (n=749)
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Here,the largest proportion of agencidsas a low and stable clearance rate of around
11%. Anothegroup(37%)is very similar to the national trendlightly decreasindput hoveing
around .25 clearance ratd he third group is the higtlecreaserswith 17.1% of the agencies
starting at an above average clearance rate in the 1980s, dropping to a still-atzexege
clearance rate in 2013

Similar and different trends are foundh&n examining the subsample of largest
agencies (Figure 12). Here, we settledadiour-group model, as the addition of more
trajectories after this point simply splits existing trajectories into smaller representations of the
larger ones, retelling the sae story albeit in a less parsimonious way. The posterior
probabilities for the fowrgroup model are all above .9%he BIC 4134.28and the AIC =
4151.94



Lum, Wellford, Scott and Vovak4

Figure 12. Trajectories of Vehicle Theft Clearance for Largest Agencies Subsample
(n=92)
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Like the full sample, almost half of the largest agencies have a low and also declining
clearance rate fovehicletheft. Another 26% are declining towards tleevestgroup over time.
However, in the largest agency subsample, a group of about 15¥eotesseemto be
modestly improving in theivehicletheft clearance from being below the national average to
returning close to that average in 2018nd, another 4% ofagencieperform better than their
counterparts.

F. Larceny Clearance Trajectories

Finally, we examined larceny clearance trajectorfeswith vehicle theft, national
average trends for larceny clearance have hovered around B6#4he full sample, we
determinedthat the optimal solution was a-group solution(BIG25840.77 AIC=2585928;
posterior probabilities a0.98 for each group The 2group model, shown in Figure 1Bas
selected because the additional grougimply split trajectories in a nemeaningful wayThis
solution indicates that about 59% of agencies perform under #ugonal trend while 41% of
agenciegerform above it (with some improvement over time).
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Figure 13. Trajectories of Larceny Clearance for Full Sample (n=729)
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Similarly, we find a twgroupsolution when analyzing just the subsample of larger
agencies (Fige 14).After the simple, twegroup model, trajectories continued to split these
trends into fractal representations though only a few clearance percentages off from the
original. For this reason, the twgroup model was selected as the best representatib the
latent trajectories in the datéBIC=4524.91; AIC=4537.46; posterior probabilit@288). This
two-group model included bbw stable group comprised of 66% of the agencies and a high
stable group representing 34% of the samp@éhough these groups are labeledstable
because they start and end at similar places, one can see from the graph that both groups
display a cubic pattern of growth by increasing, decreasing, and then increasing again.
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Figure 14. Trajectories of Larceny Clearance for Largest Agencies Subsample (n=91)
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G. Using Dual Trajectory Analysis to Explore the Relationship between
Clearance Rate Trajectories and Crime Rate Trajectories

This rest of this project is devoted to understanding what might explain variations in
clearance rate trends at the agency level over time by examining adewelcharacteristics,
investigative practices and policies within particular trajectoi®e.focus onour large-agency
sub-sample inall future phaseso limit the sample of agencies we will need to select from to
survey and conduct case studies. Limiting ourselves to the top 100 agencies in the U.S. also
allows us tacontrol for factors of agencyize and to focus on those agencies with likely the
highest crime rates.

However, me possible explanatioof our clearance rate trajectory solutiotisat we
explore in this phase is whether clearance rate trajectories are relatedrteegiate trajectories
over time. For example, if clearance rates impact crime rates, we might expect agencies that
perform well in terms of clearance rates might also have low crime rates. As Nagin (1998, 2013)
has reviewedsuch analysis is difficult imming to causal conclusionSor example, igh
clearance rates may be thesult of low crime rates, reflectinfpe ability for agencies to
devote more resources to solvihgsscrimes.
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While the use of trajectory analysis does not resolve these isswesxplored the
relationship between agency trajectory membership and their crime rates over time to gain a
sense of the crimérend characteristics of thesagenciesTo do this, we carried out dual
trajectory analysis on our already created trajectoriésmme clearance for the largest agency
subsample against newly created trajectories of crime rates for each of our six crime’types.
This requires conducting trajectory analysis on crime rates over our time period {9813)
using the same approads discussed above and then examining the probabilitiegencies
who are members of particular trajectories of clearance rates are also members of specific
crime rate trajectories (or vice verst).

This dual trajectory analysis indicated that on ageraacross our crime typesfies
with the lowest crime ratetend to have higher crime clearances over timdereas cities with
relatively higher crime ratetend to fall in lower crime clearance trajectories. We note this
relationship is only an assadtion, not a causal statement. There are many factors which

influence crime rates, which may or may not include how well detectives clear particular types

of crimes. However, it is important to note that previous crEmporal correlation approaches
between crimeratesand clearance (or arrest rates) do nakeinto account that there may be
latent groups within the distributions of clearance and crime rates that may better explain this
relationship. A trajectory approach provides an innovative explosateaty of approaching this
guestion.

9 Theresults of the dual trajectory analysis for the full sample of agencies with 100 or more officers will be
presented in Heather Vovak’'s doctor al di ssertation

0 This result®f the dual trajectory analysis are as lengthy as the analysis presented in this report, and are omitted
here due to our focus on the trajectories of crime clearance themselves. However, these results will be presented

in academic articles.

(f ol
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Next Steps

When examining overall yedo-year clearance rates at the aggregate, nationwide level
for serious crimes, a story of staldkearance rates emergeser the period of study (1984
2013).However, we hypothesized that this overall trend might mask variatiohsrngterm
trends of ¢earance rates acrossdividual agencies. In our analysis, we found substantial
variations in clearance rate trajectories, especially for homicide, robbery, aggrhassault
and vehicle theft. For burglary and larceny, while some agencies did perform slightly above and
below the overall trend, these traject@s tended to follow the average nationwitiend more
closely, and also resulted in much fewer trajectgrgupings. In other words, it appears that
some law enforcement agencies are much better (or worse) at clearing particular types of crime
compared to their counterparts.

These variations persist, even when examining the largesag@fciesn the U.S.
(excluding state police agencie3hese agencies account for a disproportionate amount of the
"'s cr i ) of al pbopicidexrobbeaes and gggravated assaults in the
U.S. and abou29% of all burglariesjehicletheft and larcenies). Yethey continue to vary with
regard to their longerm clearance rates for various crime typ&$fie important question is
“ w h ywhile there is some indication that agencies with lower crime rates tend to have higher
clearance rates, the results of odual trajectory analysis only scratches the surface of
understanding why agencies vary in ithelearance rate patterns.

nati on

Selecting Agencies for the Next Phases

The rest of this project is devoted to understanding why sagenciegperform better
than others, and more specifically for our subsample of the largest 100 agencies. Sharpening
our focus on this subsample will allowtashome in onwhat might explain variations in
trajectories across our various crime typé&se challenge is that we have siime types for
each of these agencies, with varying clearance trajectories. Sgeciesnay divide their
investigativeunits neatly into these crime types, but sonagenciesio not. Finding a way to
characterize an agencgsnworegebdralyiwowd be helpfdihear ser
identifying agencies for further studyo characterize our top 100 agencies in terms of their
overall clearance rate trajectories across all crime types, we carried out the following analysis,
in consultation with trgectory modeling experts.
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First, every trajectory for each of our crime typesre given a numerical identifier,
according to (generally) their lowest laghestclearance rate trajectory. For example, our

trajectory solution shown in Figure 4 is showmagn bel ow. The “1l ow decr e:
|l abeled as “1”, the |l ow increasing as “2”, th
“4” ., This coding was done for all trajectory

Figure 4 Trajectories of Homicide Clearance for Largest Agencies Subsample (n=92)
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High increasing 20.7%

We also used the probability given by the trajectory analysis for each agency being
assigned to a specific trajecta86%probaldlioyof f or ex
beingassignedo the low decreasing group in Figure 4. This information allowed us to do two
analysego identify agencies foour next research phasebirst, given that we had the
trajectory grouping and the probability of any given agency falling into tlagedtory grouping,
then for eachagencyand for each crime type we now have the following information as shown
in Figure 15. This includes the specific agency name, the particular trajectory facreaeh
that it fell into (roughly classified from low tugh clearance rates), and the probability of
assignment of that agency into that trajectory.
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Figure 15. Characterizing Agencies across Clearance Trajectories

Agency Homicide Robbery Burglary Autotheft Larceny Assault Taw'tot

Agency A 1(1.0) 2(87) 1(1.0) 3(1.0) 1(1.0) 1(1.0) 9/8.74
Agency B 2(97) 4(1.0) 1(1.0) 1(99  2(99) 4(1.0) 14/13.91
Agency C  3(99) 5(1.0) 2(1.0) 3(1.0) 2(1.0) 4(1.0) 19/18.9
Agency D 4(99) 3(1.0) 2(1.0) 1(1.0) 2(1.0) 4(1.0) 16/15.96
Agency E 1(98) 2(1.0) 1(1.0) 1(1.0) 1(1.0) 4(1.0) 10/9.98

The “Tot” represents the total sum of the tra
“Tot+#2=1+83+1+1 =9

The “Wtot” repr es e totyclasdfitaBon weighted by the probability ofa j e ¢
assignment into that trajectory. So, for Agency A,

“Wt ot ” =£(2%82) * @*1.0))} (3*1.0) + (1+1.0) + (1*1.0F 8.74

Using TotiWtot allows us to see overall how well an agency was classifiedsacro
multiple crime types, with ToWtot = 1 considered an optimal classificatidmt/ Wtot also
allows us to determine, based on its magnitude, whether an agency is a higher or lower
performer with regard to crime clearance. Once high and low performergarsgified, we will
confirm our findings with the actual crime clearance data for those agencies. Using this
approach wilbe used in the selection of agenciasour next phases.
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