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In the absence of physical evidence, investigators must often rely on offence
behaviours when determining whether several crimes are linked to a common
offender. A variety of factors can potentially influence the degree to which
accurate linking is possible, including the similarity coefficient used to assess
across-crime similarity. The current study examines the performance of two
similarity coefficients that have recently been compared to one another, Jaccard’s
coefficient (J) and the taxonomic similarity index (Ds), using samples of two crime
types, serial homicide (N�237) and serial burglary (N�210). In contrast to
previous research, the results indicate that Ds does not significantly outperform J
with respect to linking accuracy. In addition, both coefficients lead to higher
levels of linking accuracy in cases of serial homicide compared to serial burglary.
Potential explanations for these findings are presented and their implications are
discussed.
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Introduction

Police investigators must frequently determine whether a series of unsolved crimes

has been committed by the same offender (Grubin, Kelly, & Brunsdon, 2001). In the

absence of physical evidence, such as DNA, links between crimes must often be

established through an analysis of behavioural evidence (Woodhams, Hollin, & Bull,

2007). Using an investigative technique known as behavioural linkage analysis

(BLA), an attempt is made to identify behavioural patterns across crime scenes to

determine if the same offender is responsible for all the crimes.
Researchers typically focus on two assumptions when considering whether it is

possible to use crime scene behaviours to link crimes (Canter, 1995). First, it is

assumed that offenders must exhibit relatively high levels of behavioural stability

across their respective crime series, reflecting the degree to which each individual

manifests the same behaviours across his or her crimes. Second, it is assumed that

offenders must exhibit relatively high levels of behavioural distinctiveness for linking

to be possible, whereby the actions that a given serial offender exhibits across his or

her crimes differ from those exhibited by other offenders. The extent to which these
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two assumptions are valid is thought to determine the degree to which it is possible

to discriminate between crimes committed by different offenders, a process we call

behavioural discrimination.

Woodhams, Hollin et al. (2007) recently conducted a comprehensive review of the
empirical literature dealing with BLA. A substantial amount of empirical evidence

for the linking assumptions was provided. A variety of factors were also discussed

that have the potential to influence the degree of stability and distinctiveness that

exists in the behaviours of serial offenders (and therefore the degree of behavioural

discrimination that is possible). Included amongst these factors were the type of

crime scene behaviour under examination, the experience level of the criminal,

and the period over which crimes have been committed. The current study is

concerned with a factor that was not mentioned in this previous review, but
has received attention recently � the type of similarity coefficient used to measure

across-crime similarity.

The similarity coefficient is the basis for many approaches to BLA, as these

coefficients are used to quantify the degree of similarity that exists between crimes.

The degree of similarity is usually expressed as a value between 0 (no similarity) and

1 (total similarity), with higher scores expected across crimes committed by the same

offender (i.e. indicating behavioural stability) and lower scores expected across

crimes committed by different offenders (i.e. indicating behavioural distinctiveness).
Research conducted in other contexts demonstrates that the use of different

similarity coefficients influences the results on various discrimination tasks (e.g.

Baroni-Urbani & Buser, 1976; Gower & Legendre, 1986; Kosman & Leonard, 2005).

There is no reason to believe that this will not also be true with respect to BLA.

Recently, several individuals have begun to discuss the possibility that the

choice of similarity coefficient will influence discrimination accuracy in BLA (e.g.

Bennell, Jones, & Melnyk, 2007; Gauthier, 2008; Woodhams, Grant, & Price, 2007).

Specifically, questions have been raised about the suitability of using Jaccard’s
coefficient, J, for measuring across-crime similarity. This is the most commonly used

similarity measure in the context of BLA at the moment (Woodhams, Hollin et al.,

2007), despite the wide variety of measures that could be used (e.g. see Liebetrau,

1983). Part of the appeal of J is its simplicity. For a pair of crimes, A and B, J is:

J�
a

a� b� c

where a equals the number of behaviours common to both crimes and b and c equal

the number of behaviours unique to Crimes A and B, respectively (Jaccard, 1908).

In addition to this potential advantage, it is commonly argued that J is the most

appropriate coefficient for use in BLA because joint non-occurrences of a specific

behaviour are not included in its calculation (e.g. Bennell & Canter, 2002; Goodwill

& Alison, 2006; Woodhams & Toye, 2007). Within the investigative domain, it is
thought that ignoring joint non-occurrences in this way is wise because the absence

of a behaviour in any given crime, or crime report, may be due to factors other than

its actual non-occurrence (e.g. a behaviour might not have been witnessed by the

victim, remembered, or reported to the police, and even if the behaviour is reported it

may not be accurately recorded; Alison, Snook, & Stein, 2001).
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Beyond debates over the validity of this argument, the obvious drawback of J is

that it is a very crude similarity metric (Woodhams, Grant et al., 2007). For example,

J only accounts for across-crime similarity at the most discrete behavioural level and,

therefore, it is very sensitive to even slight variations in behaviour across crimes.
Issues such as these have led researchers to recommend that other similarity

coefficients be examined to determine if they might be more suitable for BLA (e.g.

Bennell et al., 2007; Gauthier, 2008; Woodhams, Grant et al., 2007). One coefficient

that has been recently put forward as a potential candidate is the taxonomic

similarity index, Ds (Izsak & Price, 2001; Woodhams, Grant et al., 2007).

Developed in marine ecology, Ds takes an expanded view of across-crime

similarity by utilizing hierarchical information (Izsak & Price, 2001). In other

words, just as biological classification is organized into a hierarchy (i.e. ascending
from species, genus, family, etc.), this measure assumes that a crime scene can be

conceptualized as a hierarchy of behaviours (e.g. ascending from discrete behaviours,

sub-types of behaviours, types of behaviours, etc.; Woodhams, Grant et al., 2007).

Thus, in contrast to J, Ds is not limited to the specific crime scene behaviours that are

present in two crimes when calculating across-crime similarity; it also capitalizes on

across-crime similarity that may be present at higher levels of the behavioural

hierarchy.

For the purpose of illustrating how Ds is calculated, consider the hypothetical
behavioural hierarchy for sexual assault that was provided by Woodhams, Grant

et al. (2007; see Figure 1). The calculation requires two steps. First, the taxonomic

distance between Crimes A and B is calculated:

TD(A; B)�

P
i wiB �

P
j wjA

nA � nB

where wiB is the minimum path length between behaviour i in Crime A and all
behaviours in Crime B, wjA is the minimum path length between behaviour j in Crime

B and all behaviours in Crime A, and nA and nB are the number of behaviours in

Crime A and B, respectively.

Figure 1. A hypothetical behavioural hierarchy of crime-scene behaviours in sexual assault.

The first two columns indicate the presence or absence of 10 specific behaviours across the two

crimes, A and B. (Source: Woodhams, Grant et al., 2007.)
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Second, Ds is calculated by:

Ds(A;B)�1�
TD

L� 1

where L is the number of levels in the hierarchy of behaviours and L � 1 is the

maximum path length between a pair of behaviours. The purpose of the second step

is to express Ds as a value ranging from 0 to 1, similar to J.1

In the first examination of Ds within the investigative domain, Woodhams, Grant

et al. (2007) compared J to Ds using behavioural data from 16 sexual offences

committed by seven juvenile offenders. By drawing on a behavioural hierarchy

consisting of four levels and 55 offence behaviours, the results of this study
demonstrated that both Ds and J resulted in significantly higher similarity scores for

linked compared to unlinked crimes (with the similarity scores for both linked and

unlinked crimes being larger when using Ds versus J). However, as predicted, the

effect size was greater for Ds than it was for J (Cohen’s d�1.68 versus 1.43,

respectively) indicating that the use of higher-order behavioural information may

make Ds more effective than J when attempting to discriminate between linked and

unlinked offences. Interestingly, the significant differences that existed between the

similarity scores for linked and unlinked crimes remained across conditions of data
degradation (i.e. with 10%, 20%, and 50% of behaviours randomly removed) when

using Ds, but not when using J. This last finding was viewed as useful by the study

authors, given that crime scene data will often be ‘missing’.

The current study

Woodhams, Grant et al. (2007) suggested that their results provide evidence that Ds

may be more suitable for BLA than J, especially when a substantial amount of crime

scene data is missing. While we agree that there are potential problems with using

J for the purpose of BLA, and believe that Ds may be a suitable replacement for it,

there are several reasons to be cautious when interpreting the results of Woodhams,

Grant et al.’s study. For example, as these authors themselves pointed out, the results

of their study are based on only one particular crime type and on only a very small
sample of offences. Therefore, before we accept that Ds is a useful coefficient for

BLA, it is important to replicate the analysis of Woodhams, Grant et al. using other

types of crimes and larger sample sizes.

In addition, it seems to us that there is also a potential danger with using Ds in

that it increases the degree of across-crime similarity that can be found for both

linked and unlinked crimes (compared to J). This seems to be an inevitable

consequence of using a coefficient that takes into account across-crime similarity at

levels beyond discrete behaviours (i.e. there will almost always be some level of
across-crime similarity that can be found in a behavioural hierarchy, regardless of

who committed the crimes). As has recently been argued, using a coefficient that

increases behavioural stability (i.e. higher similarity across crimes committed by

the same offender) may have little impact on discrimination accuracy, if the same

coefficient also decreases behavioural distinctiveness (i.e. higher similarity across
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crimes committed by different offenders; Bennell, Jones, & Melnyk, 2009). We accept

that this did not appear to be a problem in Woodhams, Grant et al.’s (2007) study,

since the effect sizes associated with Ds were larger than those for J. However, it is not

clear whether this will continue to be the case when larger sample sizes are used, or

when different crimes types are examined.

To address these concerns, the current study will attempt to replicate the study

conducted by Woodhams, Grant et al. (2007) using samples of serial homicide and

serial burglary. To accomplish this, the performance of Ds and J will be compared

using both of these datasets, while varying the size of the samples and the degree of

data degradation that exists. The findings from this study will further our general

understanding of the conditions under which BLA is most effective and will help

researchers and practitioners decide whether J or Ds should be used to study/conduct

BLA at the moment.

Method

Samples

Serial homicide data

The serial homicide data used in the present study represents a subset of data

originally collected by Godwin (1998). It contains information on 39 crime scene

behaviours from 79 male serial killers from the US who committed a total of 237

homicides. The data was restricted to three crimes per offender. This was done to

maximize the number of crimes in the sample, while also trying to ensure that

the analysis was not biased by undue weight being assigned to highly prolific

offenders displaying particularly high (or low) levels of behavioural stability and/or

distinctiveness. This is common practice in BLA research (e.g. Bennell & Canter,

2002; Bennell & Jones, 2005; Santtila, Junkkila, & Sandnabba, 2005; Woodhams &

Toye, 2007). The data was extracted from various police databases and the crime

scene behaviours were coded in dichotomous form as present (1) or absent (0) for

each of the crimes. Because the data was originally coded by the police, levels of

inter-rater reliability are not available. However, other research suggests that this

type of crime scene data can be coded reliably (e.g. Alison & Stein, 2001;

Hakkanen, Puolakka, & Santtila, 2004; Santtila et al., 2005).

Serial burglary data

The serial burglary data used in the present study represents a subset of data

originally collected by Bennell (2002). It contains information on 28 crime scene

behaviours from 42 male serial burglars from the UK who committed a total of 210

residential burglaries. The data was restricted to five crimes per offender for reasons

discussed above. The data was extracted from a burglary database managed by

a police service in the UK and the crime scene behaviours were coded in

dichotomous form as present (1) or absent (0) for each of the crimes. Again, due

to the fact that the data was coded by the police, levels of inter-rater reliability are

not available for this data.
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Procedure

Each of the two datasets was used to examine differences that emerge when using

J versus Ds to discriminate between crimes committed by the same versus different

offenders. The procedure for carrying out this comparison involved several steps.

Step 1: construction of behavioural hierarchies

Hierarchies of crime scene behaviours were developed for each dataset in order to

calculate Ds. There is no set procedure for deriving these hierarchies within the

context of BLA. The hierarchies for each dataset were thus derived both from

published literature on each type of serial crime (top-down) and a cursory

examination of the data (bottom-up). An attempt was made wherever possible to

construct the hierarchies on the basis of empirical results, primarily from studies

using multidimensional scaling and cluster analytic techniques to derive the

underlying structure of offence behaviour for each respective crime type. However,

a degree of subjectivity was also required in the construction of the hierarchies when

making certain decisions about variable placement. Inter-rater reliability scores were

calculated to ensure that variable placement was being carried out in a reliable

manner.

Step 2: calculation of J and Ds

In order to calculate J and Ds across the linked and unlinked crime pairs, a specially

designed computer program, which we refer to as CrimeSolver, was used (the

program was written using MathCad (v. 12) by the fourth author). For each dataset,

all of the dichotomously coded crime scene behaviours were submitted to the

program as Microsoft Excel files. In addition, path length tables illustrating the

relationships between all behaviours in the datasets were constructed for each

hierarchy, and were also input into CrimeSolver as Microsoft Excel files. On this

basis, the program then calculated J and Ds for every possible pair of crimes in each

dataset, and provided this information as output.2

Step 3: Descriptive and comparative analyses

CrimeSolver produced raw similarity scores for linked and unlinked crime pairs

for both similarity coefficients. This output was exported to SPSS (v. 16) where

the data was analysed to examine the differences between the linked and unlinked

crimes.

Step 4: ROC analysis

CrimeSolver also produced empirical receiver operating characteristic (ROC) graphs,

showing the level of discrimination accuracy achieved for the two similarity

coefficients. Because the distribution of similarity scores for linked and unlinked

crimes (for both datasets) were not normally distributed, we decided not to use

Cohen’s d as a measure of effect size in this study (as Woodhams, Grant et al., 2007

did). Instead, the area under the ROC curve (AUCs) was used, as it has been in
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several studies of BLA (e.g. Bennell & Canter, 2002; Bennell & Jones, 2005; Tonkin,

Grant, & Bond, 2008; Woodhams & Toye, 2007). When used as a measure of

discrimination accuracy, AUCs close to 0.50 are generally considered non-

informative, AUCs between 0.50 and 0.70 represent low levels of accuracy, AUCs

between 0.70 and 0.90 represent good levels of accuracy, and AUCs between 0.90

and 1.00 represent high levels of accuracy (Swets, 1988).

In an attempt to replicate the findings of Woodhams, Grant et al. (2007) two

additional procedures were added to the above steps: a data degradation procedure

to examine the impact of missing data and a re-sampling procedure to examine the

impact of variations in sample size.

Data degradation procedure

The data degradation procedure utilized by Woodhams, Grant et al. (2007) was

replicated to test the robustness of the two similarity coefficients to missing

information. This procedure involved progressively removing randomly selected

discrete behaviours from each sample (accounting for approximately 10%, 25%, and

50% of each dataset).3 For each degradation condition, CrimeSolver produced raw

similarity scores (that could be exported to SPSS) and conducted a ROC analysis. In

addition to carrying out the data degradation procedure on the original sets of linked

and unlinked crimes, the procedure was also carried out across various sample sizes

(see below).

Re-sampling procedure

A re-sampling procedure was utilized to examine the influence of sample size on the

relative discrimination accuracy of J and Ds. For each crime type, CrimeSolver

generated different numbers of linked and unlinked crime pairs. Two different re-

sampling procedures were used. The first procedure randomly drew equal numbers

of linked and unlinked crime pairs of various sizes. For each sample size, 10 draws

were made and the average accuracy scores were calculated (e.g. 10 draws of 10

linked and 10 unlinked pairs, 10 draws of 50 linked and 50 unlinked pairs, 10 draws

of 100 linked and 100 unlinked pairs, etc.). This procedure attempts to replicate the

procedure adopted by Woodhams, Grant et al. (2007) where they examined 11 linked

and 11 unlinked crime pairs.

The second procedure randomly drew linked and unlinked crime pairs in

numbers that were proportional to the number of actual pairs in each dataset (one

linked pair: 118 unlinked pairs for homicide; one linked pair: 52.25 unlinked pairs

for burglary). Again, for each sample size, 10 draws were made and average

accuracy scores were calculated (e.g. 10 draws of 10 linked and 522 unlinked pairs,

etc. for burglary). This was done in an attempt to more accurately reflect the

circumstances encountered in naturalistic settings where there will always be many

more unlinked crimes than linked crimes (this procedure also replicates the

procedure used by Bennell & Canter, 2002, and Bennell & Jones, 2005). For each

re-sampling condition, CrimeSolver produced raw similarity scores (that could be

exported to SPSS) and conducted a ROC analysis.
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Results

Study 1: serial homicide

Behavioural hierarchy

The serial homicide hierarchy was constructed around two main branches, consisting

of organized and disorganized behaviours, given that this dichotomy is the most

common way of categorizing serial homicide behaviour (Beauregard, Goodwill,

Taylor, & Bennell, 2007; Bloomfield, 2006; Hazelwood & Douglas, 1980; Holmes &

DeBurger, 1988; Prentky & Burgess, 2000; Ressler, Burgess, Douglas, Hartmann, &

D’Agostino, 1986; however, see Canter, Alison, Alison, & Wentink, 2004). Essentially,

organized crime scene behaviours are those that involve a greater degree of planning

and control than their disorganized counterparts (Ressler et al., 1986).

The organized branch was further divided into planning, control, and ritualistic

behaviours and the disorganized branch was divided into impulsive, control, and

ritualistic behaviours. Planning behaviours include any organized activities, which

indicate the offender prepared for the crime before it was committed, and these

activities directly contrast impulsive behaviours in the disorganized domain

(Bloomfield, 2006). Control behaviours are characterized by actions designed to

create and maintain an environment in which the crime can successfully take place,

and often involve behaviours that are meant to control the victim (Hodge, in press).

Lastly, ritualistic behaviours are those that are more symbolic and excessive, typically

going beyond what is necessary to commit the offence (Hazelwood & Warren, 2003).

Thus, the organized and disorganized branches in the hierarchy often include the

same categories of behaviour, but the specific behaviours included in those categories

are distinctly organized or disorganized.

The 39 serial homicide behaviours available in the dataset were incorporated into

what was deemed the most appropriate branch. Using a coding scheme whereby each

individual branch of the hierarchy was given a code, the researcher and two

independent coders assigned each of the behaviours a code indicating where they

thought it belonged in the hierarchy. Based on code assignments, the average Kappa

across the three raters was 0.83, indicating a satisfactory level of inter-rater reliability

(Landis & Koch, 1977). The resulting hierarchy of serial homicide behaviours is

presented in Figure 2.

Descriptive and comparative analyses

Results suggested that the distributions of across-crime similarity scores for both

coefficients were skewed and therefore non-parametric tests were used to compare

the similarity scores from the two distributions (i.e. linked and unlinked crimes). As

illustrated in Table 1, the results of these analyses indicated that the mean across-

crime similarity scores were higher for linked crimes than for unlinked crimes

regardless of whether Ds (pB0.001) or J was used (pB0.001).

ROC analysis

The results of the descriptive analyses presented in Table 1 demonstrate that Ds is

capable of achieving higher across-crime similarity scores for linked homicides

compared to J. However, Ds also generated substantially higher scores for unlinked
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Figure 2. Serial homicide behavioural hierarchy.
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Table 1. Descriptive statistics for Ds and J for linked/unlinked homicides and burglaries.

Homicide Burglary

Ds J Ds J

Statistic

Linked

(n�237)

Unlinked

(n�27 729)

Linked

(n�237)

Unlinked

(n�27 729)

Linked

(n�420)

Unlinked

(n�21 945)

Linked

(n�420)

Unlinked

(n�21 945)

Min. 0.48 0.00 0.10 0.00 0.00 0.00 0.10 0.00

Max. 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Median 0.98 0.75 0.89 0.27 0.71 0.62 0.27 0.19

Mean 0.94 0.72 0.81 0.28 0.64 0.62 0.29 0.22

SD 0.09 0.13 0.22 0.14 0.18 0.18 0.19 0.16

3
6

8
T

.
M

eln
y

k
et

a
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homicides as well. ROC analysis was thus used to evaluate the relative discrimination

accuracy of the two similarity coefficients. The ROC curves generated by CrimeSolver

are presented in Figure 3. As illustrated, both similarity coefficients were capable of

differentiating between linked and unlinked homicides at a level significantly greater

than chance (pB0.001). However, a comparison of the confidence intervals (CIs) for

the two AUCs indicates that Ds (AUC�0.93, CI95�0.91�0.96) does not significantly

outperform J (AUC�0.96, CI95�0.94�0.98).

Data degradation

Data was progressively degraded from the dataset to test the robustness of the two

coefficients across conditions of data degradation. Testing involved progressively

removing 4, 9 and 19 randomly selected behaviours, accounting for approximately

10%, 25% and 50% of the dataset, respectively. Table 2 reports the results of this

analysis. The removal of crime scene behaviours from the homicide dataset can be

seen to have only a slight impact on both coefficients (all CIs overlap across levels of

degradation). Interestingly, across the conditions, the AUC values associated with Ds

were not significantly, or consistently, higher than J (all CIs overlap). Thus, both

coefficients were able to discriminate between linked and unlinked homicides even at

high levels of data degradation, but in contrast to previous findings, Ds was not

found to outperform J.

Re-sampling procedure

Up to this point, the results contradict those of Woodhams, Grant et al. (2007). A

re-sampling procedure was thus used to test whether Woodhams, Grant et al.’s small

sample size may be an explanation for the discrepancy in findings. Figure 4 illustrates
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Figure 3. ROC curves illustrating comparative linking accuracy of Ds and J for homicides.
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the effect of the re-sampling procedures using the non-degraded data. The top plot

presents the average accuracy rates (the mean AUC across 10 draws per sample size)

that were calculated using an equal number of randomly selected linked and

unlinked homicides, whereas the bottom plot presents the average accuracy rates for

the proportional re-sampling procedure.

Table 2. Influence of data degradation on the discrimination accuracy of Ds and J for

homicide and burglary.

Homicide Burglary

% of Ds J Ds J

behaviours AUC CI95 AUC CI95 AUC CI95 AUC CI95

100% 0.93 0.91�0.96 0.93 0.91�0.96 0.59 0.54�0.65 0.62 0.57�0.68

90% 0.94 0.91�0.96 0.94 0.91�0.96 0.57 0.51�0.62 0.60 0.54�0.65

75% 0.94 0.91�0.96 0.94 0.91�0.96 0.56 0.50�0.62 0.59 0.53�0.64

50% 0.93 0.90�0.95 0.93 0.90�0.95 0.54 0.48�0.59 0.54 0.49�0.60

Equal Linked/Unlinked (Serial Homicide)
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Figure 4. Effect of increasing sample size on linking accuracy for: (a) equal numbers of

linked and unlinked homicides and (b) numbers of linked and unlinked homicides

proportional to the dataset.
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These graphs clearly demonstrate that J consistently achieves higher AUC values

than Ds regardless of sample size. Furthermore, as the number of crime pairs

increases, the results become more stabilized in both graphs. These results provide

support for the notion that the findings reported by Woodhams, Grant et al. (2007)

may be attributed to their use of a very small sample and possibly to their choice of

crime type (or perhaps a fortuitous dataset). The exact same pattern of results

emerged when running the analysis with degraded data, except that the results were

slightly more erratic for the proportional analysis at high levels of data degradation.

Study 2: serial burglary

Behavioural hierarchy

The serial burglary hierarchy was constructed around two main branches, consisting

of high and low skill behaviours (Merry & Harsent, 2000). High skill behaviours are

those associated with a greater level of expertise, planning, intelligence, and manual

dexterity in the commission of the burglary, which is in direct contrast to low skill

behaviours (Canter, 1994; Merry & Harsent, 2000). The high skill branch was further

sub-divided into high interaction/involvement behaviours, as well as

target characteristics, whereas the low skill branch was sub-divided into high

interaction/involvement behaviours, low interaction/involvement behaviours, and

target characteristics. High interaction/involvement behaviours are those of a

more intimate, invasive, and private nature, which directly contrasts with their low

interaction/involvement counterparts (Merry & Harsent, 2000). Target character-

istics refer to information about the property targeted in the offence.

The 28 serial burglary behaviours available in the dataset were incorporated into

what was deemed the most appropriate branch. Inter-rater reliability, calculated as

above, was found to be satisfactory (Kappa�0.93). The resulting hierarchy of serial

burglary behaviours is presented in Figure 5.

Descriptive and comparative analyses

Results suggested that the distributions of across-crime similarity scores for both

coefficients were skewed and therefore non-parametric tests were used to compare

the similarity scores from the two distributions (i.e. linked and unlinked crimes). As

illustrated in Table 1, the results of this analysis indicate that the mean across-crime

similarity score was higher for linked crimes than for unlinked crimes regardless of

whether Ds (pB0.001) or J (pB0.001) was used.

ROC analysis

The descriptive analyses demonstrate that Ds is capable of achieving higher across-

crime similarity scores for linked burglaries than J. However, Ds also generated

higher scores for unlinked burglaries as well. ROC analysis was thus conducted to

evaluate the relative discrimination accuracy achieved using the two similarity

coefficients. The ROC curves generated by CrimeSolver are presented in Figure 6.

Both similarity coefficients were capable of differentiating between linked and

unlinked burglaries at a level significantly greater than chance (pB0.001).
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A comparison of the CIs for the two AUCs indicates that Ds (AUC�0.59, CI95�
0.54�0.65) does not significantly outperform J (AUC�0.62, CI95�0.57�0.68).

Data degradation

Data was progressively degraded from the dataset to test the robustness of the two

coefficients. Testing involved progressively removing 3, 7 and 14 randomly selected

behaviours, accounting for approximately 10%, 25% and 50% of the dataset,

respectively. As is apparent from the results in Table 2, the removal of crime scene

behaviours from the burglary dataset had only a small impact on both coefficients

(all CIs overlap across levels of degradation). However, across the conditions, the
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AUC values associated with Ds were not significantly, or consistently, higher than

J (all CIs overlap). Thus, both coefficients were able to discriminate between linked

and unlinked burglaries even at high levels of data degradation, but once again, Ds

was not found to outperform J.

Re-sampling procedure

The results of the re-sampling procedures are presented in Figure 7 for both Ds and J,

for the non-degraded burglary dataset. The top plot reflects AUC values that were

calculated using an equal number of linked and unlinked burglaries, whereas the

bottom plot reflects AUC values that were calculated using the proportional

re-sampling procedure. Across both graphs it can clearly be seen that the effect

size is much more erratic for the two coefficients when the sample size is smaller

(especially in the bottom plot). However, as the number of crime pairs increases, the

results become more stabilized in both graphs. Thus, these graphs demonstrate that

J consistently achieves higher AUC values than Ds when large sample sizes are

used, again suggesting that the results of Woodhams, Grant et al. (2007) may be

attributed to their use of a small sample size. The same pattern of results emerged

when running the same analysis with degraded data, except that the results were

more erratic, particularly for the proportional analysis and at high levels of data

degradation.

Discussion

The stability and distinctiveness of serial homicide and burglary behaviour

The purpose of this study was to compare the degree to which J and Ds could

discriminate between linked and unlinked homicides and burglaries across a range of
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Figure 6. ROC curves illustrating comparative linking accuracy of Ds and J for burglaries.
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conditions. The results demonstrated that, regardless of what coefficient was used, or

which crime type was examined, crimes committed by the same offender tended to be

associated with significantly higher levels of across-crime similarity than crimes

committed by different offenders. Thus, the serial offenders examined in this study

do appear to behave in a somewhat stable and distinct fashion across their crimes,

which accords well with other research that has examined these issues (Woodhams,

Hollin et al., 2007). This suggests that many serial offenders committing homicides
and burglaries are predisposed to behave in a particular way when committing their

crimes and that these tendencies are, to some extent at least, unaffected by

situational variations that exist across crimes. Of course, this result could also be

influenced by the fact that only solved crimes were examined in this study, and

crimes may be solved, at least in part, because of such high levels of stability and

distinctiveness. Unfortunately, until further research is conducted (e.g. prospective

BLA research on unsolved crimes), we will never know if this is the case.

Which similarity coefficient is best suited for linkage analysis?

Comparisons of the two coefficients across both crime types revealed that, contrary

to previous findings, Ds did not outperform J. These findings suggest that Ds may not

be as powerful for linking purposes as was originally thought. This begs the question

of why discrepancies emerged between this study and the study by Woodhams, Grant

Figure 7. Effect of increasing sample size on linking accuracy for: (a) equal numbers of

linked and unlinked burglaries and (b) numbers of linked and unlinked burglaries proportional

to the dataset.
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et al. (2007). One obvious possibility is that the sample size in Woodhams, Grant

et al.’s study was simply not large enough to produce reliable results. Certainly, the

findings presented in this study suggest that sample size does have a large impact on

the reliability of linking results and can potentially lead to erroneous conclusions
being drawn about the relative accuracy of the two coefficients. Specifically, the re-

sampling analyses indicated that when smaller sample sizes are used (of the sort

examined by Woodhams, Grant et al.), levels of discrimination accuracy can vary

dramatically between analyses making it difficult to determine which coefficient is

best. This is not the case when larger samples of crimes are used.

However, this explanation does not help us understand why, when drawing on

larger samples of crimes, Ds does not significantly outperform J. While there are

many potential answers to this question, a reconsideration of the fundamental
assumptions underlying BLA raises one possibility. Recall that the ultimate task in

BLA is to increase our ability to accurately discriminate between crimes committed

by different offenders. This can be done in a number of ways: (1) by finding a way to

increase the behavioural stability found between crimes committed by the same

offender, (2) by finding a way to decrease the behavioural stability found between

crimes committed by different offenders, or (3) by finding a way to accomplish both

(1) and (2). Based on the results of the current study, Ds clearly does a good job of

accomplishing (1). Compared to J, the across-crime similarity scores for linked
crimes are always higher when using Ds. However, as we highlighted earlier, the use of

Ds also appears to adversely influence the across-crime similarity scores calculated

across unlinked crimes. That is, the use of Ds produces higher similarity scores for

both linked and unlinked crimes. When using large sample sizes, this appears to make

Ds slightly inferior to J for the purposes of BLA.

Having said this, there are a variety of things that can be explored in future

research that might increase the degree of discrimination accuracy that can be

achieved when using Ds, and until these things are done we are reluctant to draw
strong conclusions about the value of Ds. For example, alternative hierarchies, which

might be based on other psychologically plausible classification systems, may

increase the degree of linking accuracy that can be achieved using Ds. On a related

note, objectively derived hierarchies, which could be accomplished through the use

of cluster analytic techniques, may prove much more useful than the somewhat

subjective hierarchies relied on in the current study. Indeed, preliminary examination

of this issue in our lab has suggested that larger effects can be achieved when

objective methods are used to construct the hierarchies. Until this research has
been conducted, questions will remain as to whether J or Ds is best suited for BLA.

What is the influence of data degradation on J and Ds?

To test Woodhams, Grant et al.’s (2007) argument that Ds will outperform J under

conditions of data degradation, given that its hierarchical structure allows for more

opportunities on which to base similarity, a progressive data degradation procedure

was implemented across both crime types. Despite the logic of Woodhams, Grant
et al.’s argument, the present results did not find Ds to be superior to J under

conditions of degradation, regardless of crime type. These findings challenge the

results of Woodhams, Grant et al. and suggest that their findings may be due to the

small sample size that was used to test this hypothesis.
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In the future it would be interesting to examine how other forms of missing data

impact the performance of Ds and J. So far, data degradation has involved reducing

the dataset by progressively omitting more and more behaviours. However, it seems

more likely to us that the problem plaguing police data is the omission of a particular
instance of a behaviour in a particular crime, as opposed to the omission of specific

crime scene behaviours across an entire sample of crimes. As a result, the data

degradation procedure adopted across these studies may not adequately highlight

the strength of Ds in dealing with missing data. Unfortunately, CrimeSolver is

currently unable to handle missing data values (as opposed to missing behaviours)

and it was practically not possible to examine this issue by other means. Exploring

the impact of different types of data degradation should therefore be a priority in

future research.

What is the impact of crime type?

Another point of interest is that clear differences emerged across crime type with

respect to the level of linking accuracy that was achieved, although similar patterns

of results with respect to J and Ds were found for each crime type. Specifically,

linking accuracy was noticeably lower in the case of serial burglary compared to

serial homicide. Why these differences emerged across the crime types is not entirely
clear, but we can speculate.

In fact, the types of results obtained from the burglary analyses in the current

study were not all that surprising and accord well with some other studies of burglary

in the published literature (e.g. Bennell & Canter, 2002; Bennell & Jones, 2005).

While those studies have certainly reported higher linking accuracy scores, these were

only found when using very specific subsets of behaviours, most notably the distance

between crime locations (with shorter distances indicating an increased likelihood

that the crimes were committed by the same offender). For the sorts of behaviours
examined in the current study, the scores that were observed are in line with those in

the published literature, presumably reflecting the impact that situational factors

have on burglary behaviour (e.g. preferred entry points can be blocked, which forces

a burglar to adapt; Bennell & Canter, 2002; Bennell & Jones, 2005). Unfortunately,

data on crime locations were not available for analysis in the current study, making

this a fruitful line for future research.

There are also reasons to expect serial killers to be highly consistent across their

crimes, and relatively distinct in their style of offending, as was found in the current
study. For example, there has been suggestions that serial killers can possess

reasonably high levels of psychopathology (e.g. Pinizzotto & Finkel, 1990), and this

might impact the degree of behavioural stability/distinctiveness that an individual

exhibits (e.g. Moos, 1968, 1969). In addition, there have been strong suggestions that

the behaviour of violent serial offenders is largely guided by scripts that have often

been well-rehearsed, are deeply engrained, and are typically rooted in personal

fantasies (e.g. Davies, 1992; Hazelwood & Warren, 2003; Keppel, 1997).4 If this is the

case, then perhaps it is not surprising that these offenders maintain their individual
differences in offending style across the crimes they commit to a greater extent than

do serial burglars.

Another possible explanation for the lower linking accuracy scores for serial

burglary relates to the difference between the two datasets in terms of the number of
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crimes per offender that were included in the analyses (three for homicide versus five

for burglary). This difference reflects the fact that burglary series do tend to be

longer than homicide series, and this difference could have had an influence on our

results.5 For example, behaviour can evolve over an offender’s crimes (e.g. Harbort &
Mokros, 2004; Hazelwood, Reboussin, & Warren, 1989; Lussier, Leclerc, Healey, &

Proulx, 2008; Warren et al., 1999), and the degree of behavioural change that is

observed across any two crimes in a series likely depends on their degree of

separation (e.g. the degree of change will likely be less across crimes committed

in succession). Given that many more of the across-crime similarity scores for linked

serial burglaries were based on crimes that were not committed in sequence (e.g.

crime 1 compared to crimes 3, 4 and 5), perhaps it is not surprising that behavioural

stability, and thus linking accuracy, was lower for this crime type. That being said,
future research is of course needed to support this possibility.

The fact that the level of linking accuracy that was achieved for the serial

homicide cases in the current study was so impressive warrants further empirical

exploration. Indeed, given the variation in linking accuracy scores reported across

studies of serial homicide (e.g. Bateman & Salfati, 2007; Godwin, 1998; Salfati &

Bateman, 2005; Santtila et al., 2008), it is crucial to determine if the results reported

here generalize across other data sets. Until such research is carried out, it is

important to view the serial homicide results with an appropriate degree of caution
(the same of course is true for the serial burglary results).

Conclusion

While there are clearly limitations with the current study, the results are potentially

important for understanding the conditions under which BLA will be most effective.

In contrast to previous research, the results suggest that J is as effective as Ds when

used as a measure of similarity in BLA, and may slightly outperform Ds under
certain conditions (e.g. when large samples are examined). Also in contrast to

previous research, data degradation of the type examined in this study does not

appear to have a detrimental effect on linking accuracy, so long as large sample sizes

are used. Finally, both similarity coefficients result in significantly higher levels of

linking accuracy in cases of serial homicide compared to serial burglary, suggesting

that serial killers may be more stable and distinct than serial burglars. Future

research in this area is needed to confirm that these conclusions are valid and to

uncover additional factors that may influence the degree to which it is possible to
link serial crime.
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Notes

1. The following example was provided by Woodhams, Grant et al. (2007) as an illustration of
how Ds is calculated based on the hierarchy presented in Figure 1. The minimum path
length is determined between each behaviour in Crime A and all those in Crime B, and vice
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versa. For example, the values for the minimum path lengths for behaviours in Crime A are
as follows: 2 for Behaviour 1, as it is absent as a specific behaviour in Crime B, but present
in Crime B at level 2, 0 for Behaviour 2 because it is also present in Crime B, 0 for
Behaviour 3, etc. This process is also completed for Crime B. Once this is done the path
lengths for each crime are added together (i.e., [2+0+0+1+0+0] + [0+3+0+1+0+1+0+3])
and divided by the sum of the total number of behaviours present for each crime (i.e., 6+8)
to obtain the taxonomic distance. In this case, TD (A,B)�.79. To obtain Ds, TD is
divided by the number of taxonomic levels minus 1, the total of which is subtracted from 1
(i.e., 1�[.79/3]�.74).

2. The accuracy of CrimeSolver (for all of the different types of analyses reported in this
study) was verified by Gauthier (2008).

3. These levels of degradation varied slightly from those used by Woodhams, Grant et al.
(2007). In their study, they removed 10%, 20%, and 50% of behaviours.

4. For example, consider the case of notorious serial killer Edmund Kemper (‘‘The Co-Ed
Butcher’’) who targeted young female co-eds. Kemper ‘‘reportedly spent inordinate
amounts of time envisaging all the murderous actions he could perform upon the young
co-eds. Moreover, it has been estimated that in the year preceding the onset of his crime
series, Kemper picked up and safely delivered in excess of 150 female hitchhikers as he
rehearsed the preliminary steps towards the physical execution of his fantasy’’ (Jones, 2005,
p. 97).

5. While we know of no published literature to directly support this statement, it is true of the
samples that the current data were extracted from, and of other serial burglary and
homicide databases that we have access to.
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