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Introduction
National epidemiological data indicate that 1-in-5 women will be sexually assaulted in her
lifetime, most often by a male perpetrator (Black et al., 2011; Breiding et al., 2014). Given these data,
does that mean that 1-in-5 men will sexually assault a woman in his lifetime? No, there are more
victims than perpetrators because many offenders are serial sexual perpetrators who assault two or
more individuals, in separate incidents over time (Edelstein, 2016). To date, there have been two
primary ways social scientists have studied the problem of serial sexual offending. First, researchers
have analyzed court records to determine how many individuals convicted of sexual offenses are rearrested and/or re-convicted of subsequent sexual assaults. Meta-analyses suggest that 10-15% of
adult sexual offenders recidivate after five years, with higher rates found in studies that track beyond
five years
(Hanson & Morton-Bourgon, 2005; Lussier & Cale, 2013). Recidivism researchers note that these rates
substantially underestimate serial sexual offending, given that most sexual assaults are not reported to
the criminal justice system (Lonsway & Archambault, 2012), and of those that are, the vast majority are
not adjudicated and therefore would not appear in arrest/conviction records (Campbell et al., 2014;
Pattavina et al., 2016; Spohn & Tellis, 2012; Spohn et al., 2014). Thus, a second approach to studying
serial sexual offending has been surveying individuals directly about acts they have committed. Oneyear re-offending incidence rates for male college students and military recruits range from 9-18%
(Abbey et al., 2012; McWhorter et al., 2009), and longer-term re-offending rates are markedly higher,
63-78% (Abbey et al., 2001; Lisak & Miller, 2002; McWhorter et al., 2009; Zinzow & Thompson, 2015).
However, self-report methods may also under-estimate the frequency of serial sexual offending, as
individuals may be reluctant to disclose their behaviors, even in anonymous surveys. Recently, a third
approach has emerged for studying serial sexual offending, one that complements and extends these
other methods by relying on an entirely different data source: biological evidence.
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In many sexual assaults, biological evidence is left behind by the perpetrator (semen, saliva),
which can be collected by medical professionals in standardized sexual assault kits (SAKs). Hospital
emergency departments began offering victims SAK collection in the late 1970s and this became routine
in the 1990s (Martin, 2005; DOJ, 2013). Analysis of the evidence in the kit could yield a DNA profile of
the suspect, and that profile could be uploaded to the federal criminal DNA database CODIS (Combined
DNA Index System) and searched against other DNA profiles to identify offenders. Matching DNA
profiles across cases can link multiple crimes to the same perpetrator (Butler, 2005). As such, examining
DNA linkages through SAK evidence offers another approach for studying repeat perpetration, one that
does not require that the perpetrator’s arrest, conviction, or self-disclosure of the incident.
CODIS consists of two indexing systems (Figure 1), and the data in these systems can identify
serial sexual assaults. First, the offender index contains known DNA profiles from arrestees/convicted
offenders, obtained at their “qualifying offense” (i.e., a prior criminal offense that met federal
FIGURE 1: Overview of the Structure of CODIS

requirements for CODIS entry). When a new DNA profile
is entered into CODIS, there may be an “offender hit,”
such that the new profile matches the DNA of a known
offender profile already in the system. If the DNA in a
SAK matches an offender whose qualifying offense was
a sexual assault, then the hit reveals a pattern of

multiple sexual assaults. Second, the forensic index in CODIS contains unknown DNA profiles obtained at
crime scenes; matches to these samples are termed “forensic hits.” If the DNA in a SAK matches a
forensic sample from a previous sexual assault, that hit establishes a pattern of multiple sexual assaults.
DNA testing of sexual assault kit biological evidence and analysis of CODIS hit patterns offers
another methodological option for studying the problem of serial sexual assault. However, CODIS is
massive—a national-scale repository—and it is not possible to mine it for associations and patterns;
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there must be a starting query instigated by law enforcement personnel, as access to CODIS is
legislatively limited (Butler, 2010). In this project, our starting query was a sample of approximately
7,000 previously-untested SAKs from Detroit, MI. First, we examined how many offenders may have
committed more than one sexual assault, based on DNA matches in CODIS and other sexual assaults
identified through a criminal history records check. Second, for the offenders who were suspected of
committing multiple sexual assaults (based on CODIS and criminal history record data), we used growth
mixture models to explore their patterns of serial sexual offending over time.
These models identified groups of serial sexual offenders (called latent classes) that differ with
respect how often they engaged in sexual assault across nine age periods between ages 16 and 60. The
resulting classes have sexual assault criminal career trajectories with different shapes because of
differences in how many rapes were associated with offenders during their most prolific period of
offending, when (i.e., in which age period) that occurred, plus the rates at which sexual offending rose
to and declined from the levels estimated for that period.

Methods
Sample
The sample for this study was drawn from the population of 11,219 SAKs that were discovered
in August, 2009 in a police property storage facility in Detroit, MI (Campbell et al., 2015). Some kits had
been previously submitted to the police crime lab and were tested for DNA (n = 1,932), and some were
tested later in grant projects (n = 400 by the Office of Violence Against Women, n = 1,600 by the
National Institute of Justice). Our goal in this project was to examine the forensic testing outcomes of
the remaining SAKs in that original inventory, N = 7,287 SAKs.
Procedures & Measures: Forensic Testing Outcome Data
All N = 7,287 SAKs were outsourced for testing to independent forensic laboratories. The
forensic testing outcome data is at the SAK-level of analysis (i.e., how many SAKs progressed to DNA
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testing, yielded a CODIS-eligible profile, produced a CODIS hit, and matched to another sexual assault
case). We also constructed variables at the perpetrator-level of analysis to capture how many unique
perpetrators committed these acts (see Appendix A for an explanation of the transition from SAK-level
data to perpetrator-level data). Table 1 (next page) lists all forensic testing outcome variables.
Procedures & Measures: Criminal History Record Data
We also obtained the criminal history records (CHR) for the unique & identifiable perpetrators
who were revealed by the forensic testing outcome data. The Michigan State Police Forensic Science
Division submitted a list of those individuals directly to the Michigan State Police Criminal History Record
Division, which queried their adult criminal history records and assigned an anonymized research ID
number. For each identified perpetrator, every criminal incident committed in Michigan, since age 16, is
listed with corresponding arrest, charge, and judicial outcome data for that incident (see Table 2, next
page, for list of variables obtained through the criminal history records and the variables we computed
from those records).

Perpetrator -Level

SAK-Level

TABLE 1: DNA Forensic Testing/CODIS Variables
CODIS Variable

Description of CODIS Variable

DNA Testing Rate

The probability that a kit will pass from Step 0, Screening (i.e., determining if male DNA was
present in DNA sample) to Step 1, DNA Testing.
The probability that a kit will pass from Step 1, DNA Testing to Step 2, CODIS Entry (i.e., the
process by which DNA profile was uploaded into the CODIS database).
The probability that a kit will pass from Step 2, CODIS Entry, to Step 3, CODIS Hit (i.e., the
process by which the uploaded DNA profile matched an existing profile in the CODIS database).
The probability that a kit will pass from Step 3, CODIS Hit to Step 4, CODIS Serial Sexual Assault
Hit (i.e., the process by which the CODIS hit was to another sexual assault case).
Number of perpetrators, accounting for DNA profiles yielding two or more CODIS Hits.
Number of unique perpetrators when reviewing only those with CODIS Hits that were
associated with other sexual assault cases.
Number of unique perpetrators with identifying information in CODIS (i.e., identity is known).
This is lower than the number of unique perpetrators as some hits are to the forensic index.
Number of unique & identifiable perpetrators when reviewing only those with CODIS Hits that
were associated with other sexual assault cases.

CODIS Entry Rate
CODIS Hit Rate
CODIS Serial Sexual
Assault Hit Rate
# of Unique Perpetrators
# of Unique Serial Sexual
Assault Perpetrators
# of Unique &
Identifiable Perpetrators
# of Unique &
Identifiable Serial Sexual
Assault Perpetrators
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GMM Variables

CHR & CODIS

Criminal History Records (CHR)

TABLE 2: Criminal History Records Variables
Criminal History Variable

Description of Criminal History Variable Creation

Age at first arrest
Arrest diversity

Compared each offender’s date of birth to the earliest arrest date with arrest offense record.
Coded arrest offenses into 13 crime categories then computed the standardized diversity
index for each offender from the offender-specific frequency distribution among those
categories. Measure ranged from 0-1, with 0 indicating a single crime category (no diversity),
and 1 indicating equal dispersion across all possible categories (maximum diversity).
Number of years elapsed between the first and last arrest dates.
Sum of confinement sentences (in years) in each offender’s adjudicated charge records, with
vacated sentences=0 years and lifetime sentences=100 years. Variable was rescaled to
decades in our statistical models.
Ranked 13 crime categories based on severity and measured escalation scale as an ordinal
variable that sums the cumulative change in severity of arrest offenses across incident dates.
Count variable of incidents in each offender’s criminal history that were not associated with
any sexual assault evidence (arrest, prosecutor charges, or judicial charges for sexual assault).
Count variable of the total number of sexual assaults (from CODIS hits data & criminal history
data) for each perpetrator during each of nine 5-year age periods from ages 16-60 .
Sum of the total number of sexual assaults (from CODIS hits data and criminal history data)
associated with each perpetrator across each of nine 5-year age periods from ages 16-60 .
Proportion of incidents in each offender’s criminal history that were associated with any
evidence of sexual assault (from arrest offenses, prosecutor charges, or judicial charges).
Divided criminal histories into nine 5-year age periods (16-20, 21-25, 26-30, 31-35, 36-40, 4145, 46-50, 51-55, and 56-60 years), with the last observed age period being that with the last
known event date associated with that individual.
Count variable of the number of observed age periods where the offender had at least one
incident with evidence of sexual assault.

Arrest span
Confinement
Escalation
# of incidents without
sexual assault evidence
# of sexual assaults
Total # of sexual
assaults
Proportion of incidents
with sexual assault
# of observed
age period
# of observed age
periods with sexual
assaults
Proportion of observed
age periods with sexual
assault
Number of peaks
Peak duration
# of sexual assaults
per peak

Proportion of observed age periods where the offender had at least one incident with
evidence of sexual assault.
A simple measure of intermittency in sexual assault offending where a consecutive set of age
periods that all have at least one sexual assault is considered a single peak.
Divided the number of peaks by the number of observed age periods with sexual assaults.
Divided the total number of sexual assaults associated with a perpetrator by the number of
peaks in the perpetrator’s response pattern.

Descriptive Results
We counted how many SAKs reached each stage of forensic testing, computed unconditional
and conditional progression rates, and obtained plausible ranges for those rates using continuation ratio
modeling (Agresti, 2002; Hosmer et al., 2013) in R software, version 3.5.0 (R Development Core Team,
2017). All N = 7,287 SAKs were submitted for testing and screened, and n = 5,048 SAKs progressed to
DNA testing (69.3% unconditional DNA Testing Rate, 95% CI .68-.70). A total of n = 2,938 SAKs had a DNA
profile that met eligibility for upload into CODIS (40.3% unconditional and 58.2% conditional CODIS
Entry Rate, 95% CI .57-.60), n = 1,675 SAKs yielded a CODIS Hit (23.0% unconditional and 57.0%
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conditional CODIS Hit Rate, 95% CI .55-.59), and n = 775 SAKs produced a CODIS Serial Sexual Assault Hit
(10.6% unconditional and 46.3% conditional CODIS Serial Sexual Assault Hit Rate, 95% CI .44-.49).
From the n = 1,675 SAKs with CODIS Hits, there were n = 1,424 unique perpetrators and n =
1,270 unique & identifiable perpetrators associated with those hits. From the n = 755 SAKs with CODIS
Serial Sexual Assault Hits, there were n = 508 unique serial sexual assault perpetrators associated with
those hits. Most of these perpetrators (n = 358 of 508) had two sexual assaults documented via
DNA/CODIS data, but a sizable percentage had committed more than two: M = 2.64 sexual assaults via
DNA/CODIS (SD = 1.37), range 2 to 12 sexual assaults. From the sample of 508 unique serial sexual
assault perpetrators, there were n = 365 unique & identifiable serial sexual assault perpetrators: M =
2.67 sexual assaults via DNA/CODIS (SD = 1.47), range 2 to 12 sexual assaults.
Based only on the information available in CODIS, n = 365 of the n = 1270 unique & identifiable
perpetrators were identified as unique & identifiable serial perpetrators. When the criminal history
records of all unique & identifiable perpetrators were examined in addition to CODIS records, however,
additional sexual assault incidents were identified, and the number of unique & identifiable serial sexual
assault perpetrators increased from n = 365 to n = 504 These n= 504 perpetrators committed, on
average, M = 3.27 sexual assaults (SD = 2.02), range 2 to 15 sexual assaults. Thus, based only on CODIS
data, 28.7% of the subsample of unique & identifiable perpetrators were suspected serial sexual assault
offenders, and when we included criminal history data, 39.7% were suspected serial sexual offenders.

Growth Mixture Model Results
We used zero-inflated Poisson GMMs (Kreuter & Muthén, 2008) to identify subgroups of serial
sexual assault perpetrators (n = 392 for whom we had CHR data) with distinct longitudinal trajectories
for the frequency of sexual assaults across nine 5-year age periods spanning the ages of 16 to 60 years.
There were two submodels for each latent class: a Poisson count growth curve submodel that predicts
the number of sexual assaults associated with the perpetrator at each time period and a logistic zero-
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inflation growth curve submodel that predicts whether the perpetrator can only have a count of zero at
a given time point. The combined submodels gracefully handle count outcome data with many zeroes.
We estimated all GMMs via robust maximum likelihood (MLR) in Mplus 8 (Muthén & Muthén,
2017; Muthén et al., 2017) with numerical integration. We varied random number seeds and starting
values for each model to ensure sufficient replication of the best log likelihood. We used the Bayesian
Information Criterion (BIC), the Lo-Mendell-Rubin adjusted likelihood ratio test (LMRT; Lo et al., 2001
2001), and the bootstrapped likelihood ratio tests (BLRT; Nylund et al., 2007) to determine how many
latent classes to extract. Both the LMRT and the BLRT test the null hypothesis that the data are drawn
from a mixture of k-1 instead of k latent classes. We started modeling with k = 1 classes and
incremented k until the LMRT result failed to reject k-1 classes.
The full set of parameters for the final 4-class model are reported in Appendix B. The tests of
model fit yielded a Pearson χ2(19655) = 1548.250, p = 1.000, and a likelihood ratio χ2(19655) = 616.386,
p = 1.000. The final model had low entropy (0.512) with classification accuracy of 87.8%, 61.4%, 48.2%,
and 44.4% respectively for classes 3, 2, 1, and 4; the probability of misclassification from the other
classes into class 3 ranged from 34.3 to 41.6%. The low entropy for the 4-class model indicates that it is
less clear which perpetrators best fit in each class than we would like, but the BLRT nevertheless
indicated that allowing multiple classes improved model fit. Descriptive characteristics of the final 4class solution are presented in Table 3. Appendix C shows individual perpetrators’ observed longitudinal
trajectories for the number of sexual assaults by age period, divided into panels based on the
perpetrator’s most likely latent class and the number of peaks in the observed trajectory.

This resource was prepared by the author(s) using Federal funds provided by the U.S.
Department of Justice. Opinions or points of view expressed are those of the author(s) and do not
necessarily reflect the official position or policies of the U.S. Department of Justice.

8

TABLE 3: Descriptive Characteristics of Final 4-Class Solution
Total Mean # of
Sexual Assaults
(SD)

Age Period of Class Peak
(M # of Sexual Assaults
during the peak)

Class

Size of Class (%)

Class 1: Moderatevolume lifelong serial
offenders

85.1 (21.7)

3.40 (1.93)

26-30 (0.75)

Class 2: Apprehended
early serial offenders

22.9 (5.8)

2.90 (1.26)

16-20 (2.50)

Class 3: Low-volume
lifelong serial offenders

215.7 (55.1)

2.33 (0.76)

26-30 (0.59)

Class 4: High-volume
midlife serial offenders

68.3 (17.4)

5.26 (2.82)

26-30 (0.92)
31-35 (1.08)
36-40 (0.94)

Summary of Class

This class has a moderately high
mean number of sexual assaults and
a perpetration rate that remains
stable across the lifespan.
The smallest class, these prolific
offenders perpetrate frequently
early in their criminal career, but
then decline abruptly.
The largest class, these offenders
have a lower rate of perpetration
when compared to other classes,
which sustains across the lifespan.
This class has the highest mean
number of sexual assaults over the
longest peak. This peak sustains over
the entirety of the midlife, but then
declines quickly.

Moving forward, we interpret the classes in order of relative size to emphasize the most
commonly occurring trajectories. The largest class, class 3, comprises more than half (55.1%) of the
serial sexual offenders. Figure 1 shows that the mean number of sexual assaults for these low-volume
lifelong serial offenders starts at 0.45 during the 16-20 age period, peaks at 0.59 during the 26-30 age
period, then declines slowly to 0.01 by the 56-60 age period. These serial offenders have the lowest
peak of the four classes and exhibit the most stable pattern of offending, with neither sharp increases
nor decreases in offending from adolescence through the mid-30’s, at which point they begin a decline
that lasts through older age. The count submodel’s linear slope indicates slow decline over time (αs = 3.929, t = -7.393, p < .001) paired with deceleration (αQ = -6.584, t = -3.399, p < .001) in the rate of
change. Essentially, these offenders are suspected to have committed fewer sexual assaults when
compared to the other latent classes, but their lower rates of offending are sustained across the
lifespan. This class has no zero-inflation due to the constraints (αSI = 0, αQI = 0, and ν = -15) added during
model fitting.
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Class 1, moderate-volume lifelong serial offenders starts at its minimum mean number of sexual
assaults at 0.20 during the 16-20 age period and peaks at 0.75 during the 26-30 age period before
declining to 0.23 by the 56-60 age period. This group’s pattern is different from the previous class by
less offending in adolescence but more in young adulthood and through the remainder of the lifespan.
FIGURE 2: Graphical Results of the 4-Class GMM

The count submodel’s linear slope indicates
slow decline over time (αS = -2.442, SE =
0.501, t = -4.873, p < .001) but its quadratic
slope (αQ = 4.767, SE = 2.374, t = 2.008, p <
.001) indicates that acceleration offsets the
linear decline, effectively flattening out the

trajectory. Meanwhile, the zero-inflation submodel threshold was small (ν = -1.784, SE = 1.730, t = 1.031, p = .302) with a slowly decreasing propensity to have a count of zero sexual assaults (αSI = -3.061,
SE = 1.392, t = -2.199, p < .028). The quadratic slope is not significant despite its large, positive value
(αQI = 14.695, SE = 10.162, t = 1.446, p < .148), so it provides little evidence for a non-linear trend in that
propensity. In sum, this class may be characterized by suspected serial sexual offending that remains
moderately high and stable across the lifespan.
Regarding Class 4, the mean number of sexual assaults is 0.28 from 16-20 years old. It then
rapidly rises to hover near 1 during the three consecutive age periods spanning the ages 26-40: those
means are respectively 0.92, 1.08, and 0.94 sexual assaults. The mean then drops off more rapidly than
in most of the other classes until it reaches 0.03 by the 56-60 age period. We have therefore labeled
this category the high-volume midlife serial offenders to reflect both their high, sustained peak in middle
adulthood and their lower rates of offending in adolescence and older adulthood. The count submodel’s
linear slope indicates slow decline over time (αS = -2.261, SE = 0.602, t = -3.755, p < .001) but its
quadratic slope (αQ = -9.320, SE = 1.915, t = -4.868, p < .001) indicates more rapid deceleration than seen
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in the other classes. This class has some zero-inflation (ν = 0.561, SE = 0.121, t = 4.628, p < .001), but it is
constant over time (αSI and αQI were fixed at 0) so there is no longitudinal trend in the propensity to
have counts of zero. Overall, this class has the highest mean number of sexual assaults that sustains
over the entirety of the midlife, but then declines quickly after age 40.
Class 2 has the most unexpected trajectory in the model. The smallest class (5.8%), these
apprehended early serial offenders start out with a mean of 2.50 sexual assaults during the 16-20 age
period, then their mean number of sexual assaults drops precipitously to 0.38 during the 21-26 age
period and still further to 0.06 in the 26-30 age period. After that, their mean remains close to 0.00
sexual assaults for all remaining age periods. Though we lacked complete data regarding incarceration,
we examined the criminal sentencing data we had and determined that many of these offenders’
declines in offending could be reasonably attributed to incarceration. The only estimated count
submodel parameter for this class was the intercept (αI= -6.583, SE = 0.148, t = -44.462, p < .001) due to
constraints imposed on the class during model fitting (αS= 0, αQ = 0). This class has no zero-inflation
(fixed parameters: αQI = 0, αQI = 0, and ν = -15).
To validate the GMM results, we identified six antecedent variables that reflected characteristics
of the offenders’ criminal history to predict latent class membership. These included the number of
incidents without sexual assault evidence, the offender’s age at their first arrest, the number of years
between their first and latest arrest, their diversity in offending, their escalation in offending, and their
history of confinement (Appendix D). We also validated the model with one distal outcome, the
proportion of each perpetrator’s criminal incidents associated with sexual assault evidence. The
antecedents model produced four sets of model parameters by varying which latent class was
considered the reference group. For brevity, we report only the analyses using Class 3 (the largest class:
low-volume lifelong serial offenders) as the reference. Relative to class 3, one antecedent was a
significant predictor of being in class 1: each additional year of age at first arrest was associated with 9%
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increase in the odds of being in class 1 (OR = 1.095, 95% CI = [1.033, 1.162]). Similarly, only one of the
antecedents was a significant predictor of membership in class 2 instead of class 3. Each additional year
of age at first arrest was associated with a 35% decrease in the odds of being in class 2 (OR = 0.653, 95%
CI = [0.450, 0.948]). One antecedent significantly predicted membership in class 4 instead of class 3:
each additional decade of sentenced confinement was associated with a 6% increase in the odds of
being in class 4 (OR = 1.059, 95% CI = [1.010, 1.110]). In other words, offenders who were older at first
arrest were more likely to be in class 1 and less likely to be in class 2 compared to class 3, and offenders
who had a longer period of total confinement were more likely to be in class 4 compared to class 3.
Regarding the distal outcome of the proportion of each perpetrator’s criminal incidents associated with
sexual assault evidence, we found that the high-volume, midlife serial offenders in class 4 (M = 0.311)
were more specialized in sexual assault offending than the low-volume, lifelong offenders in class 3 (M =
0.224).
We acknowledge the following limitations and caveats regarding the GMM results. The diverse
observed trajectories made identifying a small number of meaningful latent classes harder, as did
censoring at later age periods. Analyzing a broader sample (all sexual offenders) may improve entropy
because non-serial sexual offenders’ observed trajectories would be simpler than those of serial sexual
offenders. Subgroups of serial offenders may be more difficult to differentiate from one another than
from non-serial offenders. Observed trajectories with multiple peaks (i.e., intermittency) are challenging
to model via quadratic GMMs, which assume a single peak in each latent trajectory. Models that do not
assume a simple quadratic growth curve shape should be explored in the future.

Discussion of Findings & Implications
In this study, we used DNA evidence as a data source for studying serial sexual assault
perpetration, which is a novel methodological approach in this literature. It is not as stringent a
threshold as repeat sexual assault criminal convictions, which is used in recidivism studies, as DNA

This resource was prepared by the author(s) using Federal funds provided by the U.S.
Department of Justice. Opinions or points of view expressed are those of the author(s) and do not
necessarily reflect the official position or policies of the U.S. Department of Justice.

12

evidence is evidence of a reported crime, rather than a fully adjudicated crime. However, the historic
under-prosecution of sexual assault means that recidivism studies likely underestimate the scope of
serial sexual perpetration. Indeed, the rates of repeat sexual offending documented in this study (39.7%
of unique and identifiable perpetrators) are higher than recidivism studies (typically 10-15%). However,
these data sources may also underestimate actual offending because many sexual assault victims do not
have a SAK collected and/or report their assaults to the criminal justice system. The data sources used in
this study (CODIS hits and criminal history data) are only able to account for sexual assaults in which
victims sought post-assault health care and reported to the police. With these caveats in mind, we
contend that using CODIS data and criminal history records are still a useful and credible data source for
studying sexual assault perpetration.
Our identification of four latent trajectories of sexual assault perpetration supports literature
suggesting that heterogeneous patterns underlie trajectories of sexual offending (Lussier et al., 2010;
Swartout et al., 2015). Similar to Lussier et al. (2010), we found that offending frequency changes
throughout the adult lifespan. This finding highlights the importance of extended longitudinal data when
drawing conclusions related to offending trajectories, as shorter-term data could mistake a break in
offending for desistance and misrepresent patterns of perpetration.
Our findings indicate that SAKs are uniquely capable of identifying serial sexual offending,
particularly when criminal history records of suspects are included in the analysis. The sizeable number
of serial offenders identified in our study should encourage law enforcement officers to approach
investigations as suspected serial, rather than isolated, incidents.
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APPENDIX A — Transitioning Forensic Outcome Data from the SAK-Level to Perpetrator-Level of Analysis
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APPENDIX B — Final 4-Class GMM Solution

Zero-Inflated Poisson GMM Fit Statistics.
No.
Classes (k)

FP

LL

BIC

ΔBIC

Entropy

LMRT
p-value

BLRT
p-value

Conclusion

1
6 -2160 4356
1.000
N/A
2
8 -2112 4272
-84
0.457
< .0001
< .0001 Reject 1 class
3
10 -2105 4269
-4
0.570
.0074
< .0001 Reject 2 classes
4
17 -2093 4288
19
0.512
.0624
< .0001 Reject 3 classes
Note: Models with class-specific means and class-invariant covariances fixed at 0 were fit via robust maximum likelihood (MLR) in Mplus 8 with
numerical integration (15 points). BIC, Bayesian information criterion; BLRT, bootstrapped likelihood ratio test; FP, number of free parameters
estimated; LL, loglikelihood; LMRT, Lo-Mendell-Rubin adjusted likelihood ratio test.

Final 4-Class GMM Parameter Estimates.
Parameter

Label

Estimate

SE

t

p-value

Categorical Latent Variable
Mean 1
C#1
0.218
0.443
0.492
0.623
Mean 2
C#2
-1.093
0.458
-2.387
0.017 *
Mean 2
C#3
1.150
0.393
2.930
0.003 **
Latent Class 1
Means
Count intercept
αI
-0.557
0.442
-1.259
0.208
Count linear slope
αS
-2.442
0.501
-4.873
0.000 ***
Count quadratic slope
αQ
4.767
2.374
2.008
0.045 *
Inflation linear slope
αSI
-3.061
1.392
-2.199
0.028 *
Inflation quadratic slope
αQI
14.695 10.162
1.446
0.148
Inflation Thresholds
ν
-1.784
1.730
-1.031
0.302
Latent Class 2
Means
Count intercept
αI
-6.583
0.148 -44.462
0.000 ***
Count linear slope a
αS
-15.000
Count quadratic slope a
αQ
0.000
Inflation linear slope a
αSI
0.000
Inflation quadratic slope a
αQI
0.000
Inflation Thresholds a
ν
-15.000
Latent Class 3
Means
Count intercept
αI
-1.107
0.150
-7.393
0.000 ***
Count linear slope
αS
-3.929
0.907
-4.332
0.000 ***
Count quadratic slope
αQ
-6.584
1.937
-3.399
0.001 ***
Inflation linear slope a
αSI
0.000
Inflation quadratic slope a
αQI
0.000
Inflation Thresholds a
ν
-15.000
Latent Class 4
Means
Count intercept
αI
0.951
0.127
7.466
0.000 ***
Count linear slope
αS
-2.261
0.602
-3.755
0.000 ***
Count quadratic slope
αQ
-9.320
1.915
-4.868
0.000 ***
Inflation linear slope a
αSI
0.000
Inflation quadratic slope a
αQI
0.000
Inflation Thresholds
ν
0.561
0.121
4.628
0.000 ***
Note: Linear factor loadings were class-invariant and fixed (ranging from -0.500 to 0.500 in increments of 0.125), quadratic factor loadings were
fixed to the squares of the linear loadings. Latent variances were fixed to 0 for identification, as were inflation latent intercepts (αII). Inflation
thresholds (ν) were class-specific but constrained equal across age periods. a Parameter was fixed to achieve identification. * p < .05, ** p < .01,
*** p < .001.
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APPENDIX C — Observed Trajectories by Most Likely Latent Class and Number of Peaks

Note: Line color varies across offenders. Due to limited numbers of colors, there are panels where multiple offenders have the
same color. Number of sexual assaults is the total number of unique sexual assault incidents in a given age period identified by
counting both SAKs submitted for forensic testing and criminal history incidents with any evidence of sexual assault (arrests,
prosecutor charges, or adjudicated charges). Incidents represented in both sources were counted only once. CHITS, CODIS hits
data set; CHR, criminal history records; LClass, most likely latent class.
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APPENDIX D — GMM With Antecedents Predicting Latent Class Membership,
Relative to Class 3
Parameter

Estimate

SE

No. incidents w/o sexual assault

0.019

0.043

Age at first arrest (years)

0.091

OR [95% CI]

t

p-value

1.019[0.937, 1.109]

0.439

0.661

0.030

1.095[1.033, 1.162]

3.010

0.003

Predictors of Class 1 (N = 85)

Arrest span (years)

0.045

0.023

1.046[1.000, 1.094]

1.930

0.054

Arrest diversity

-0.639

1.002

0.528[0.074, 3.762]

-0.638

0.524

Escalation scale

0.058

0.035

1.060[0.989, 1.135]

1.687

0.092

Confinement (decades)

0.047

0.029

1.048[0.990, 1.109]

1.620

0.105

No. incidents w/o sexual assault

-0.141

0.118

0.868[0.689, 1.094]

-1.195

0.232

Age at first arrest (years)

-0.426

0.190

0.653[0.450, 0.948]

-2.244

0.025

Arrest span (years)

-0.051

0.043

0.950[0.873, 1.034]

-1.166

0.244

Arrest diversity

-1.270

1.557

0.281[0.013, 5.940]

-0.816

0.414

Escalation scale

-0.105

0.067

0.900[0.790, 1.027]

-1.572

0.116

0.036

0.042

1.037[0.955, 1.126]

0.843

0.399

-0.029

0.050

0.971[0.881, 1.071]

-0.575

0.565

Age at first arrest (years)

0.045

0.037

1.046[0.973, 1.125]

1.242

0.214

Arrest span (years)

0.043

0.025

1.044[0.994, 1.096]

1.696

0.090

Arrest diversity

-0.617

0.993

0.540[0.077, 3.778]

-0.621

0.534

Escalation scale

0.069

0.039

1.071[0.993, 1.157]

1.769

0.077

Confinement (decades)

0.057

0.024

1.0590[1.010, 1.110]

2.361

0.018

Class 1

-3.688

1.175

-3.140

0.002

Class 2

7.998

3.678

2.174

**

Predictors of Class 2 (N = 23)

Confinement (decades)

*

Predictors of Class 4 (N = 68)
No. incidents w/o sexual assault

*

Intercepts

Class 4
-2.571 1.256
Note: Class 3 (N = 216) is the reference group. * p < .05, ** p < .01, *** p < .001.

-2.048

**
0.030 *
0.041 *
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