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In order to determine whether a series of unsolved crimes has been committed by the same offender, the
police often must rely on an analysis of behavioural evidence. When carrying out this task, some type of
similarity coefficient is typically relied on to assess the degree of behavioural stability and
distinctiveness that exists across a set of crimes and questions inevitably arise as to which coefficient
to use. In cases of juvenile sex offences, research has suggested that a taxonomic similarity index
outperforms the most commonly used metric at the moment, Jaccard’s coefficient, especially under
conditions of data degradation (missing data). However, recent research has failed to replicate this result
in cases of serial homicide and burglary, especially when relatively large sample sizes are used. The
current study provides further support for these recent findings using adult serial sexual assault data.
Across a range of conditions, the current study demonstrates that Jaccard’s coefficient slightly
outperforms the taxonomic similarity index on a measure of linking accuracy. Potential explanations for
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the results are provided, implications are discussed, and future research directions are presented.

© 2010 Elsevier Ireland Ltd. All rights reserved.

1. Introduction

Police investigators must frequently determine whether a
series of unsolved crimes has been committed by the same
offender [1]. These decisions often rely in part on an analysis of
behavioural evidence [2]. Using an investigative technique known
as behavioural linkage analysis (BLA), an attempt is made to identify
behavioural patterns across different crime scenes to determine if
the same offender is responsible for all the crimes [3]. Specifically,
investigators try to identify patterns of behaviour that are stable
across the crimes committed by one offender, but also distinct
when those patterns are compared to behaviours exhibited by
other offenders committing similar types of crimes [4].

1.1. Previous studies of behavioural stability and distinctiveness

The search for behavioural stability and distinctiveness is not
new. Over one hundred years of research in the field of personality
psychology has been dedicated to determining the extent to which
people exhibit stable patterns of individual differences (i.e.,
distinctiveness) over time. Initially, this research was guided by
the assumption that internal personality traits were the predomi-
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nant force guiding our behaviour and people were expected to
exhibit very high levels of stability. However, while relatively high
levels of stability can sometimes be found [5], it is more common to
find moderate to low levels of stability [6-9]. This speaks to the
important role that situational factors play in shaping peoples’
behaviour, a fact that is now incorporated into some contemporary
models of personality [10].

In the forensic field, similar examinations have taken place.
Primarily for the purpose of determining the extent to which it is
possible to link crimes, the degree of behavioural stability and
distinctiveness exhibited by serial offenders has been examined in
cases of sexual crime [1,11,12], homicide [13-15], arson [16],
burglary [14,17-20], vehicle theft [21,22], and robbery [23]. Like
the research conducted by personality psychologists, the results of
these studies indicate that offenders do exhibit behavioural
distinctiveness in a somewhat stable fashion across their crimes,
but that situational factors (e.g., victim resistance) also have a
significant influence on offender behaviour, thus limiting the
degree to which BLA will be possible [2].

1.2. Factors that influence linking accuracy

Thus, research generally supports the view that higher level of
behavioural similarity will exist across crimes committed by the
same offender (indicating behavioural stability) compared to
crimes committed by different offenders (indicating behavioural
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Fig. 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 et al. [14]).

distinctiveness) and this is typically interpreted as evidence that it
should be possible to link serial crimes with a reasonable degree of
accuracy. However, it is also recognized that various factors have
the potential to influence the degree of linking accuracy that is
possible. According to one recent review, these factors include,
amongst other things, the type of crime scene behaviour under
examination, the experience level of the criminal, and the temporal
period over which crimes have been committed [2].

The type of coefficient used to assess behavioural stability and
distinctiveness can also potentially influence the degree of linking
accuracy that can be achieved when carrying out BLA. Indeed, in non-
forensic fields, this has been known for some time [24-26]. More
recently, this issue has also received attention from researchers
interestedinBLA[12,27,28].In particular, questions have been raised
about the suitability of using Jaccard’s coefficient, J, for measuring
across-crime similarity. This coefficient is the most commonly used
similarity measure in the context of BLA at the moment [2].

As discussed by Melnyk et al. [14], part of the appeal of J is
undoubtedly its simplicity. For a pair of crimes, A and B, J is:

_ a
T a+b+c

J

where a equals the number of behaviours common to both crimes
while b and c equal the number of behaviours unique to Crimes A
and B, respectively. Values of ] range from 0, indicating no across-
crime similarity, to 1, indicating total across-crime similarity. In
addition to its simplicity, it is commonly argued that J is the most
appropriate coefficient for use in BLA because joint non-
occurrences of behaviour are not included in its calculation
[17,19,23]. In other words, if a specific behaviour is absent from
two crimes, ] will not increase. To some, it is thought that ignoring
joint non-occurrences in this way makes sense “because the
absence of a behaviour in any given crime, or crime report, may be
due to factors other than its actual non-occurrence” [14]. For
example, a victim may not have witnessed a behaviour or
remembered its occurrence, or the behaviour may not have been
accurately reported to or recorded by the police [29].

Despite these potential benefits of J, one of its drawbacks is that
it is a very crude similarity metric [12]. For example, as Melnyk
et al. [14] argue, J only accounts for across-crime similarity at the
most discrete behavioural level and, therefore, it is very sensitive to
even slight variations in behaviours exhibited across crimes, as
well as variations in the way that crime scene information is
reported and recorded by police officers. 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 than

J[12,27,28]. One coefficient that has been recently put forward as a
potential candidate is the taxonomic similarity index, A [12,30].

The taxonomic similarity index takes an expanded view of
across-crime similarity by utilizing hierarchical information. In
other words, 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.) [12]. Thus, in contrast to the more commonly used measure, J,
“As 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” [14].

For the purpose of illustrating how A is calculated, consider the
hypothetical behavioural hierarchy for sexual assault that was
provided by Woodhams et al.[12] (see Fig. 1). As these researchers
describe, the calculation requires two steps. First, the taxonomic
distance between Crime A and B is calculated:

Wig + 30w,
TD(AJB):%

where w; is the minimum path length between behaviour i in
Crime A and all behaviours in Crime B, wj, is the minimum path
length between behaviour j in Crime B and all behaviours in Crime
A, and n, and ng are the number of behaviours in Crimes A and B,

respectively.
Second, A; is calculated by:
D

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 A as a value ranging
from 0 to 1, making it similar to J.!

! The following example was provided by Woodhams et al. [12] as an illustration
of how Ay is calculated based on the hierarchy presented in Fig. 1. The minimum
path length is determined between each behaviour in Crime A and all those in Crime
B, and vice 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, O 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 A, 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).
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1.3. Initial examinations of | and Ag

In the first examination of A within the forensic domain,
Woodhams et al. [12] compared J to A using behavioural data
from 16 sex offences committed by seven juvenile offenders.
Drawing on a behavioural hierarchy consisting of 4 levels and 55
offence behaviours, their results demonstrated that both J and A,
resulted in significantly higher similarity scores for crimes
committed by the same offender versus different offenders (with
both sets of scores being higher for A than J). However, as
predicted by the authors, when comparing scores from crimes
committed by the same offender to scores from crimes committed
by different offenders, the effect size was greater for A (Cohen’s
d =1.68) than it was for J (Cohen’s d = 1.43) indicating that the use
of higher-order behavioural information may make Ag more
effective than J when carrying out BLA. Importantly, while A;
maintained its discriminatory power across conditions of data
degradation (i.e., when 10%, 20%, and 50% of behaviours were
manually removed), the same was not true for J. This finding may
be important given that crime scene data will often be “missing”
(as discussed above).

While the findings from the Woodhams et al.’s [12] study are
well presented and potentially important, there are several reasons
to be cautious when interpreting their results [ 14]. Most obvious is
the fact that their results are based on only one particular crime type
and on a very small sample of offences (11 crime pairs where the
crimes were committed by the same offender and 11 crime pairs
where the crimes were committed by different offenders). In
addition, the results of the study indicate that there is a potential
danger when using A, for the purpose of BLA. Specifically, while the
use of A, (compared to J) may allow one to uncover higher levels of
behavioural similarity across crimes committed by the same
offender, the coefficient may also (unintentionally) uncover higher
levels of behavioural similarity across crimes committed by
different offenders. As stated by Melnyk et al. [14], “[t]his seems
to be an inevitable consequence of using a coefficient that takes into
account across-crime similarity at levels beyond discrete beha-
viours”. Using a coefficient that increases behavioural stability, but
decreases behavioural distinctiveness, may compromise the level of
linking accuracy that can be achieved [3]. While this particular issue
does notappear to be a problem in Woodhams et al.’s study, since the
effect size associated with Agwas larger than that for J, this could be
because their analysis was based on such a small sample size.

To address these concerns, a comparative study of J and A; was
recently conducted using two different crimes types, serial
homicide and serial burglary [14]. In this study, both the level
of data degradation and the number of crime pairs used in the
linkage analysis were systematically varied to gauge the impact
that these factors have on the performance of ] and A,. In contrast
to the original study conducted by Woodhams et al. [12], the
results indicated that A; did not significantly outperform J with
respect to linking accuracy. Instead, while both coefficients
resulted in significantly higher similarity scores for crimes
committed by the same offender versus different offenders, J
was found to slightly outperform Ajg across each level of data
degradation that was tested (0%, 10%, 25%, and 50% of behaviours
removed). This was especially true when using a greater number of
crime pairs in the analysis, suggesting that the findings reported by
Woodhams et al. may have resulted from their reliance on an
insufficient sample of crime pairs. In line with the arguments
presented above, the overall result that J slightly outperformed A;
was attributed to the fact that A has a tendency to reveal high
levels of across-crime similarity, even in cases where crimes have
been committed by different offenders.

The current study represents an attempt to replicate these
results using a different crime type - stranger sexual assaults

committed by adults. As in the previous study, levels of data
degradation and the number of crime pairs used in the analysis are
systematically varied to assess the impact of these factors on the
discriminatory power of ] and A. 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 A should be used to study/conduct BLA.

2. Method
2.1. Sample

The sample used in the current study is based on archival data originally
collected for a previous investigation of BLA [31]. The data pertain to 126 solved,
serious, sexual assaults committed by 42 adult male offenders in the United
Kingdom before 1996. The victims were all females and none of the victims
previously knew their attackers. The original study restricted the data to three
offences per offender. Limiting the dataset to a specific number of crimes per
offender is common practice in BLA research to make certain that prolific offenders
(who may exhibit particularly high or low levels of behavioural stability/
distinctiveness) do not disproportionately influence the results of the study
[11,18,23].

The source of all the offence information was victim statements, which had been
recorded by police personnel during criminal investigations. Trained crime analysts
developed a content analysis dictionary based on the published literature on sexual
assaults. These analysts then used this dictionary to content analyze the victim
statements. Specifically, 36 crimes scene behaviours were focused on by the
analysts (see Fig. 2). While previous investigations of BLA have used other types of
crime scene information, such as crime site location choices and the timing of
offences [17-19,23], this information was not available for the current study. While
this is a limitation of the study, it was deemed relatively unimportant given that our
main objective was to replicate previous research where crime scene behaviours
were the sole focus [12,14]. For each offence, each crime scene behaviour was
dichotomously coded as present (1) or absent (0). Although inter-rater reliability
scores could not be calculated for the data used in this study, other research
suggests that the type of crime scene data used in this study can be coded reliably
[11,32,33].

2.2. Procedure

The sexual assault data were used to examine differences that emerge when
relying on J versus A to discriminate between crimes committed by the same
offender versus different offenders. The procedure for carrying out this comparison
involved several steps, which have been previously described by Melnyk et al. [14].

Step 1: Construction of a behavioural hierarchy. A hierarchy of crime scene
behaviours was developed in order to calculate A,. Given that Woodhams et al. [12]
also focused on sexual assault in their research, the hierarchy they developed was
used as the basis for the hierarchy in the current study. Therefore, control
behaviours, sexual behaviours, and escape behaviours were chosen as major
branches of the hierarchy. As discussed by Woodhams et al., these domains (or
variations of them) have consistently appeared in past research of sexual crimes
[1,34-39].

Grubin et al. [1] defined the control domain as consisting of behaviours that
function to gain control of the victim so that the sexual aspect of the attack can take
place, sexual behaviours include both physical and verbal sexual acts, and escape
behaviours pertain to how the offenders left the crime scene or how they attempted
to avoid capture. According to Woodhams et al. [12], one of the rationales for
focusing on control, sexual, and escape domains was that behaviours could be
classified according to their function, without needing to extrapolate psychological
meaning.

A decision was also made to incorporate another branch into the hierarchy,
which consists of theft behaviours. The rationale for this decision was twofold. First,
theft behaviours are moderately frequent in the dataset (e.g., 25% of the offenders
demanded goods from the victim) and therefore, these behaviours represent
potentially important linking features. Second, theft behaviours have emerged in
previous studies of sexual assaults [34,39]. While theft behaviours could be
considered part of the control domain (e.g., as a criminality sub-domain), Canter et
al. [39] chose to treat them as a separate category because they are, in many ways,
distinct from behaviours typically used to control the victim.

While an attempt was made wherever possible to replicate Woodhams et al.’s
[12] study with respect to variable placement in the hierarchy, the variables we had
access to for the current study are not the same as the variables focused on by them.
Therefore, a degree of subjectivity was also required in the construction of the
hierarchy 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 ] and As. To calculate J and A; across crime pairs committed
by the same offender and different offenders, a specially designed computer
program, which we refer to as CrimeSolver, was used (the program was written
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Fig. 2. Serial sexual assault behavioural hierarchy.

using MathCad by the third author). 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 dataset
were constructed, and were also input into CrimeSolver as Microsoft Excel files. On
this basis, the program then calculated J and A, for every possible pair of crimes, and
provided this information as output.?

Step 3: Descriptive and comparative analyses. CrimeSolver produced raw similarity
scores for all crime pairs for both similarity coefficients. This output was exported to
SPSS (v. 16) where the data were analyzed to examine the differences between
crime pairs committed by the same offenders versus different offenders.

Step 4: ROC analysis. CrimeSolver also produced an empirical receiver operating
characteristic (ROC) graph, showing the level of discrimination accuracy achieved
for the two similarity coefficients. The measure of accuracy focused on in this study
was Cohen’s d. However, areas under the ROC curve (AUCs) will also be provided. For
the interpretation of Cohen’s d, values of .20-.50 can be considered small effects,
.50-.80 represent moderate effects, and .80 or greater represent large effects [40].

2 The accuracy of CrimeSolver (for all of the different types of analyses reported in
this study) was verified by Gauthier [28].

For the AUCs, Swets [41] presents similar criteria: he argues that AUCs close to .50
are generally considered non-informative, AUCs between .50 and .70 represent low
levels of accuracy, AUCs between .70 and .90 represent good levels of accuracy, and
AUCs between .90 and 1.00 represent high levels of accuracy.

As in our previous study [14], two procedures were also 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 et al. [12] was replicated to test the robustness of the two similarity
coefficients to missing information. This procedure involved progressively
removing randomly selected discrete behaviours from the sample (accounting
for approximately 10%, 25%, and 50% of the behaviours). 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 entire set of crime pairs, the procedure was also
carried out across various sample sizes as explained below.

Re-sampling procedure. A re-sampling procedure was utilized in order to examine
the influence of sample size on the relative discrimination accuracy of J and A,.
CrimeSolver randomly drew equal numbers of crime pairs (of various sizes)
committed by the same offender versus different offenders. For each sample size, 10



C. Bennell et al./Forensic Science International 199 (2010) 85-92 89

0.08
Taxonomic Similarity Index C
Different offenders
0.06 @ Same offender .
g 00
5
S 0.04 >
2
-9} o ?‘} O 0
000 0| w0l o
0.02 it
[} 0| ] Ol? 0
il LT li
0 s o 'vlmem [zt
0 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8 0.9 1
Across -Crime Similarity Scores
0.08
Jaccard's CocfTicient
Different offenders 0
0.06
@ Same offender
g
5 0.04
Q(HH -
e
o
0.02 -
ae
; | 1:1'[
A A AT
() oeposeecd ollg ' ot lgo! IB Ul agooiee Bt 1l 1 E 0 4 L V
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 09 1

Across -Crime Similarity Scores

Fig. 3. Distributions of across-crime similarity scores for A (top plot) and J (bottom
plot).

random draws were made and the average accuracy scores were calculated (e.g., 10
draws of 10/10 pairs, 10 draws of 50/50 pairs, 10 draws of 100/100 pairs, etc.). This
procedure attempts to replicate the procedure adopted by Woodhams et al. [12]
where they examined 11 pairs of crimes where the crime pairs were committed by
the same offender and 11 pairs of crimes where the crime pairs were committed by
different offenders.

3. Results
3.1. Behavioural hierarchy

The behavioural hierarchy is presented in Fig. 2. As discussed
above, the major branches consist of control, escape, sexual, and
theft behaviours. Level O contains the 36 specific behaviours used
to construct the hierarchy, whereas the top level of the hierarchy
corresponds to the sexual offence in its entirety. 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 .75, indicating a substantial level of
inter-rater reliability [42].

3.2. Descriptive analysis

Exploratory data analysis indicated that the distributions of
across-crime similarity scores for both J and A could be
considered normal (see Fig. 3). To determine whether the crime
pairs committed by the same offender had higher across-crime
similarity values than crime pairs committed by different
offenders, descriptive statistics were calculated for both J and
As and t-tests were conducted (see Table 1). As anticipated, the t-
tests indicated that the across-crime similarity values for crime

Table 1
Descriptive statistics for J and A.
Statistic J As
Linked Unlinked Linked Unlinked
(n=126) (n=7749) (n=126) (n=7749)
Minimum .08 .00 40 11
Maximum .80 .86 .94 97
Median 39 22 77 .70
Mean .39 23 77 .68
Standard deviation .16 A1 11 11

pairs committed by the same offender were significantly higher
than for crime pairs committed by different offenders for both J
(mean difference =0.19, t(125)=12.44, p <.001) and A, (mean
difference = 0.09, t(125) = 7.51, p < .001). However, as is apparent
in Fig. 3, a substantial amount of overlap exists between the
similarity scores for the two types of crime pairs. In addition, the
results of the descriptive analyses demonstrate that A is capable
of achieving higher across-crime similarity scores for sexual
assaults committed by the same offender compared to J (M =.77
for As versus M=.39 for J). However, A; also generated
substantially higher scores for sexual assaults committed by
different offenders (M = .68 for A; versus M =.23 for J).

3.3. ROC analysis

ROC analysis was used to evaluate the relative linking accuracy of
the two similarity coefficients. The ROC curves generated by
CrimeSolver are presented in Fig. 4. As illustrated, both similarity
coefficients were capable of differentiating between crime pairs
committed by the same offender versus different offenders at a level
significantly greater than chance (p < .001). However, a comparison
of the effect sizesindicates thatJ(d = 1.14, Clgs = .96-1.31; AUC = .81,
Clys =.77-.85) outperforms A; (d=.80, Clgs =.62-.97; AUC=.76,
Clgs = .72-.81), although not to a significant degree (the CIs overlap,
though only slightly).

3.4. Data degradation

Data were progressively degraded from the dataset in order to
test the robustness of the two coefficients across conditions of data
degradation. Testing involved progressively removing 4, 9, and 18
randomly selected behaviours, accounting for approximately 10%,

1
038
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Fig. 4. ROC graph comparing the linking accuracy of J and A.
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Table 2

The influence of data degradation on the discrimination accuracy of J and A,.
Number of behaviours ] Ag

d Clos AUC Clos d Clos AUC Clos

36 (100%) 1.14 .96-1.31 81 .77-85 0.80 .62-.97 .76 .72-81
32 (90%) 1.11 .93-1.29 .81 .76-.85 0.76 .58-.93 75 .70-.80
27 (75%) 1.07 .89-1.25 .80 .76-.84 0.71 .54-89 72 67-77
18 (50%) 0.98 .80-1.16 75 .71-80 0.70 .51-.87 71 .66-.76
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Fig. 5. Graph illustrating the effect of increasing sample size on linking accuracy.

25%, and 50% of the dataset, respectively. Table 2 reports the results
of this analysis. The results demonstrate that the removal of crime
scene behaviours had only a slight impact on both coefficients (all
CIs overlap across levels of degradation). Interestingly, across the
conditions, the d values associated with J remain consistently
higher than those of A, although not to a significant degree (all Cls
overlap, although only slightly when 10% and 25% of behaviours
were removed). Thus, both coefficients were able to discriminate
between sexual assaults committed by the same offender versus
different offenders, even at high levels of data degradation
(particularly J).

3.5. Re-sampling procedure

A re-sampling procedure was used to test whether the
discrepancy in results between this study and Woodhams
et al.’s [12] study might be explained by their use of a small
sample. Fig. 5 illustrates the effect of the re-sampling procedure
using the non-degraded data. This graph clearly demonstrates that
J consistently achieves higher d values than A; regardless of
sample size. This is especially true as the number of crime pairs
used in the analysis increases, which provides support for the
notion that the findings reported by Woodhams et al. may be
attributed to their use of a small sample. The exact same pattern of
results emerged when running the analysis with degraded data,
except that the results were slightly more erratic for the analysis at
high levels of data degradation.

4. Discussion

The purpose of this study was to compare the degree to which J
and A; could discriminate between sexual assaults committed by
the same offender versus different offenders across conditions of
data degradation and sample size variations. Specifically, we were
interested in seeing whether A outperforms J across the various
testing conditions, as found by Woodhams et al. [12], or whether J

outperforms Ag, as found by Melnyk et al. [14]. However, before
discussing the results related to this comparison, it is important to
reflect on what the overall results of this study tell us about the
behavioural stability and distinctiveness of serial sex offenders.

4.1. Is there evidence of behavioural stability and distinctiveness?

Regardless of which coefficient was used, the results of this
study suggest that sexual assaults committed by the same offender
tend to be associated with significantly higher levels of across-
crime similarity than crimes committed by different offenders. In
other words, serial sex offenders, at least the ones examined in this
study, show evidence of both behavioural stability and distinc-
tiveness. These results accord well with research that has
examined other types of serial offenders [17,22,23] and to research
that has examined serial sex offenders specifically [1,11,12]. The
fact that serial sex offenders display somewhat stable patterns of
individual differences across their crimes suggests that, in sexual
assault situations, an offender’s behaviour is determined at least in
part by internal dispositions to commit crimes in a particular way.
That being said, the results in Figs. 3 and 4 also suggest that the
degree of behavioural stability exhibited by the offenders in the
sample was not extremely high and that environmental factors,
such as victim resistance, likely play an important role in shaping
how offenders behave.

To the extent that the serial offenders examined in this study
display higher levels of stability than participants taking part in
studies conducted by personality psychologists, it may be
important to consider that those studies examine “normal”
behaviour exhibited by “normal” individuals in “normal” situa-
tions [14]. Compared to “normal” individuals, serial sex offenders
might arguably possess higher levels of psychopathology, and this
might impact the degree of stability/distinctiveness that an
individual exhibits [43]. In addition, in contrast to the “normal”
behaviours that are typically examined, there have been strong
suggestions that the behaviour of interpersonally violent offenders
is largely guided by scripts that will increase the degree of stability/
distinctiveness that they exhibit [14]; scripts that are often well-
rehearsed, deeply engrained, and rooted in personal fantasies [34-
36]. Finally, the situations examined in the forensic context are also
not “normal” in that they do not vary to the same extent as
situations traditionally examined by personality psychologists
(i.e., they are all sex offences). Some research suggests that
behavioural stability and distinctiveness may be higher across
situations that are highly similar [44].

4.2. Which similarity coefficient is best for behavioural linkage
analysis?

In line with previous research [14], but in contrast to the study
conducted by Woodhams et al. [12], we found that J slightly
outperformed A, even across conditions of data degradation. This
was especially true when the analysis was based on relatively large
sample sizes, suggesting that the results found by Woodhams et al.
can likely be attributed to their reliance on a very small sample of
crimes (or simply a fortuitous sample). Indeed, if one examines the
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results that emerge in the current study when using small sample
sizes (see Fig. 5), it is easy to see the unreliable nature of BLA when
it is based on an inadequate sampling of crimes (i.e., there is much
more fluctuation in the magnitude of the effect sizes when the
number of linked crimes pairs is less than 100).

The fact that J has slightly outperformed A; across three
different datasets, consisting of serial homicides, burglaries, and
sexual assaults, and that the results varied systematically in each
case as a function of sample size, makes us reasonably confident in
our conclusion that J may be a slightly more useful coefficient to
use for BLA if sufficient sample sizes are used, especially given the
ease with which it can be calculated and interpreted [45].
Comparisons between J and other similarity coefficients that have
taken place in other scientific fields, which have found similar
support for J, make us even more confident in our results [46]. At
the very least, we think it is safe to conclude that the evidence
supporting Ag (over J) is relatively weak at the moment, although
this might change in the future (see below for future research
directions).

4.3. Why does | outperform Ag?

To explain why J might be better than Ag at distinguishing
between crimes committed by the same offender versus different
offenders, it is useful to re-consider Fig. 3. The right distribution in
this figure represents similarity scores derived from crimes
committed by the same offender and the left represents similarity
scores derived from crimes committed by different offenders. The
ideal situation in the context of BLA is when these two
distributions do not overlap at all [3]. In this case, a particular
similarity score can be used as a threshold for deciding when
crimes should be linked and 100% accuracy can be achieved.
Anything which is done to increase distribution overlap can be
expected to decrease the degree of linking accuracy that is possible.

As expected given its formula, and as illustrated in Fig. 3, Ag
generates higher across-crime similarity scores for crimes com-
mitted by the same offender. This is potentially a good thing when
attempting to link crimes, as high levels of behavioural stability is
one of the core criteria for BLA[2]. However, as argued above, A;also
uncovers relatively high levels of across-crime similarity between
crimes committed by different offenders, thus increasing the
amount of overlap between the distributions in Fig. 3, which is
detrimental when attempting to link crimes. Put simply, the degree
of distribution overlap appears to be greater when using A, than
when using J. Thus, A; may be a more suitable coefficient to use if
one wishes to increase the degree of stability found between crimes
committed by the same offender, but when one wants to balance
behavioural stability with the degree of distinctiveness found
between crimes committed by different offenders, as we do in BLA, J
would appear to be the more suitable choice.

4.4. What are the practical implications of the results?

That being said, it must be acknowledged that even J appears to
have limited practical utility for the purpose of conducting BLA.
Indeed, the results presented in Figs. 3 and 4 highlight the fact that
many errors would be made if actual linking decisions were based on
the analyses conducted here (though even more errors would be
made if linking decisions were based on Aj;). In light of these results,
it is important to briefly reflect on the practical implications of the
results: In what way can BLA be used in actual police investigations
of serial crimes?

While there may be some benefit to relying on an analysis of
crime scene behaviours when having to make linking decisions, it
would appear unwise to base decisions solely on such an analysis if
alternatives to this are available. Instead, it might be more

productive to view the analysis of crime scene behaviours as part of
a larger, more comprehensive linking approach. The overall
approach would include analyses of different types of evidence
(e.g., forensic evidence, eyewitness testimony, spatial-temporal
information, crime scene behaviours, etc.) depending on what was
available to be analyzed. More weight (priority) would be given to
evidence that produces more accurate and reliable results (as
determined by research of the type presented here).

This type of hierarchical filtering approach, whereby different
sources of evidence are prioritized and combined in an attempt
to link serial crimes, has been proposed already [17,19].
Information coming from different sources of evidence is
prioritized and used to efficiently narrow down the range of
crimes needing to be considered in the linking process (and to
confirm links suggested by sources of evidence higher in the
hierarchy). Ideally, such an approach would be empirically
validated in a manner similar to what has been done by Goodwill
and Alison [19]. Unfortunately, given the limited amount of
information available for analysis in the present study, that could
not be done here.

4.5. Limitations and future research directions

In addition to the limited amount of information available for
analysis in the present study, there are several other reasons to be
cautious when interpreting the results. Some of these limitations
are general ones and apply to all BLA research, whereas others are
specific to this particular examination of BLA.

One obvious concern relates to our sole reliance on solved
serial sex offences and the impact that this might have had on
our results. While the decision to rely on solved serial offences is
by no means unique to this study (as far as we are aware, all BLA
research conducted to date relies on solved offences) it is a
concern given that crimes may be linked and subsequently
solved, at least in part, because they are characterised by high
levels of behavioural stability and distinctiveness [14]. There is
no way to know at the moment whether the results found using
solved serial offences generalize to unsolved offences and the
possibility obviously exists that they do not. Therefore, caution
must be used when thinking about how the results of BLA studies
generalize to naturalistic settings. In the future, it may be
possible to remedy this situation, either by conducting pro-
spective BLA research on unsolved crimes where linking
accuracy is determined once the crimes become solved, or by
conducting research on solved serial crimes, but where the
linkages were made using non-behavioural evidence (e.g., DNA).

Second, potential problems are introduced by our reliance on
victim statements as a source of data. Because the information
about crime scene behaviour was obtained from victim state-
ments, there could be errors due to the fallibility of memory and
the traumatic nature of the crime. The quality and quantity of
information recorded could also vary considerably across state-
ments in accuracy, detail, and objectivity because the statements
were taken by dozens of police officers from different districts
whose objectives were not to create a research database, but to
solve serious crimes. The reliability of data in victim statement can
also not be regularly tested as it is impossible to go back to the raw
data for verification. Despite these potential problems, victim
statements are regularly used in research of this type and are often
used in investigative contexts to carry out tasks such as BLA.
Nevertheless, it will be useful in the future to determine if the
results reported here are also found when using data from other
sources (e.g., police databases, such as ViCLAS, that rely on multiple
sources for their data [47]).

A third limitation, which is more specific to the current
examination of BLA, relates to the behavioural hierarchy used in
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the current analysis. Indeed, before drawing any firm conclusions
regarding the value of Ay it is important to consider the possibility
that a different behavioural hierarchy may lead to quite different
results. Indeed, as Melnyk et al. [ 14] have argued, hierarchies based
on other classification systems may increase the degree of linking
accuracy that can be achieved using A;. Alternatively, objectively
derived hierarchies using cluster analytic techniques may prove
more useful than the hierarchy relied on in the current study [14].
Preliminary examination of this issue in our lab has suggested that
slightly larger effects can be achieved when objective methods are
used to construct the hierarchies.

Fourth, it is important to consider that the data degradation
procedure relied on in the current study (and previous studies of
As) may not be ecologically valid [14]. Data degradation in the
current study involved the omission of specific crime scene
behaviours across an entire sample of crimes. However, the more
common problem with police data is the omission of a particular
instance of a behaviour in a particular crime. As a result, the data
degradation procedure adopted across studies thus far may not
represent the problem of missing data as it exists in naturalistic
settings, and may not adequately highlight the strength of A; in
dealing with missing data, as argued by Woodhams et al. [12].
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. This
remains an important issue to explore in future research.

A final limitation has to do with the very limited examination
that has taken place so far of the possible similarity coefficients
that can be used to research and conduct BLA. The current study
has focused on just two of the many coefficients that could be
examined in this context (e.g., see Liebetrau [48] for other
possibilities), and there is no indication yet that either J or Ay is
the ideal candidate (both have obvious disadvantages). While
research has begun to examine some other possible coefficients
(e.g., simple matching coefficient [27]), a more comprehensive
evaluation of coefficients is needed under various testing
conditions (e.g., data degradation, sample size, crime type, etc.).
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