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Forensic question 
Did suspect Nelson Clifford contribute his DNA 

to the victim's clothing in a fifth case? 
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Bayes law 
Use data to update belief (1762) 

Prob(hypothesis | data) proportional to 
                                    Prob(data | hypothesis) x Prob(hypothesis) 

New belief,  
after seeing data 

Old belief,  
before seeing data 

How well hypothesis 
explains data 

posterior prior likelihood 

Genotype modeling 
Apply Bayes law to genetic identification 

Prob(genotype | data) proportional to 
                                    Prob(data | genotype)  x  Prob(genotype) 

New genotype 
probability,  

after seeing data 

Old genotype 
probability,  

before seeing data 

How well 
genotype choice 
explains data 

posterior prior likelihood 

Probabilistic genotyping 

Genetic data 
Quantitative peak heights at locus TH01 

• amounts 
• pattern 
• variation 
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Separate genotypes 
Consider every possible genotype (Bayes) 

explain the data 
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Objective, unbiased – doesn't know suspect's genotype  
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Relevance (FRE 403) 

Odds(hypothesis | data) 
Odds(hypothesis) 

= 
Prob(genotype | data) 

Prob(genotype) 
LR = 

Probative 

Non-prejudicial 

Hypothesis = "suspect contributed his DNA" 

likelihood ratio (LR) 
is Bayes law  

for a hypothesis 

probative 
force 

unfair 
prejudice 
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Match statistic is simple 

Prob(genotype | evidence) 
Prob(coincidence) 

Suspect matches evidence more than random person 
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Match statistic at all loci 

A match between the shirt and Nelson Clifford is  
182 thousand times more probable than  

a coincidental match to an unrelated Black person 

Specificity of evidence genotype 
µ = – 9.9 
σ = 3.02 

non-contributor 
distribution 

compare with 
10,000 random 

genotypes 

exclusionary power 0 
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Error rate for match statistic 
µ = – 9.9 
σ = 3.02 

LR = 182 thousand 
log(LR) = 5.25 
z-score = 5.02 

p-value = 2.53 x 10-7 

error of 1 in 4 million 

non-contributor 
distribution 
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Clifford  

Separated DNA mixture 
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TrueAllele! Genotype Identification on DNA Mixtures
Containing up to Five Unknown Contributors*

ABSTRACT: Computer methods have been developed for mathematically interpreting mixed and low-template DNA. The genotype model-
ing approach computationally separates out the contributors to a mixture, with uncertainty represented through probability. Comparison of
inferred genotypes calculates a likelihood ratio (LR), which measures identification information. This study statistically examined the genotype
modeling performance of Cybergenetics TrueAllele! computer system. High- and low-template DNA mixtures of known randomized composi-
tion containing 2, 3, 4, and 5 contributors were tested. Sensitivity, specificity, and reproducibility were established through LR quantification in
each of these eight groups. Covariance analysis found LR behavior to be relatively invariant to DNA amount or contributor number. Analysis
of variance found that consistent solutions were produced, once a sufficient number of contributors were considered. This study demonstrates
the reliability of TrueAllele interpretation on complex DNA mixtures of representative casework composition. The results can help predict an
information outcome for a DNA mixture analysis.
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Deoxyribonucleic acid (DNA) evidence is the forensic gold
standard (1). Millions of short tandem repeat (STR) (2) geno-
types have been assayed for forensic comparison. The principles
of STR interpretation are clearest on pristine, single source items
containing abundant DNA (typically about 1 ng). A definite
genotype can first be inferred, and then compared with another
definite genotype, in order to compute a random match probabil-
ity (RMP) statistic relative to a “random” population genotype.
This is certainly the situation when comparing the pristine DNA
of individual reference items.
However, crime laboratories today process DNA evidence that

is far less pristine. The biological evidence can be mixed (con-
taining two or more contributors), lower level (having under
200 pg of DNA [3]), or degraded. In some forensic DNA labo-
ratories, the majority of evidence items are mixtures, possibly
low level, that often contain three or more contributors. The
manual “threshold-based” data interpretation procedures (4),
originally developed for pristine samples, are not as effective on
mixed DNA data (5).
Computer interpretation methods that use more of the quanti-

tative STR peak height data (rather than thresholds) have been
used for twenty years (6). Basic “mixture deconvolution” of
forensic DNA mixture data into possible contributor genotypes
is performed by other software applications such as Applied

Biosystems’ Genemapper! ID-X and NicheVision Forensics’
ArmedXpertTM. Qualitative allele “dropout” methods put a proba-
bility to unobserved peak data, as in David Balding’s likeLTD
(7) and Adele Mitchell’s FST (8) software programs.
The “genotype modeling” method goes further and strives to

preserve DNA identification information by explaining the
observed STR data in terms of adding together contributor geno-
types (9,10). This method develops Bayesian probability model
equations that can explain the data and (when the solution space
becomes vast) uses statistical search methods to solve the equa-
tions. Such computer systems include DNAmixtures (11) and
related efforts (12), MixSep (13), STRmix (14), and TrueAllele!

Casework (15,16).
Cybergenetics TrueAllele Casework system separates complex

mixture data into its component genotypes. For each contributor,
at each locus, a genotype and its uncertainty is described by a
probability distribution over allele pair possibilities. This geno-
type summarizes the data’s identification information and
imparts to DNA mixtures the original simplicity of single source
interpretation. For example, the match statistic resembles RMP,
as inferred genotypes are compared with one another.
Previous TrueAllele validation studies have been published.

Two-person mixtures of known composition have been exam-
ined for their information response, with varying amounts of
template DNA (17) and on small quantities using joint interpre-
tation (18). Over 150 casework mixture items containing 2, 3, or
4 contributors have been analyzed for match information across
a broad range of mixture weights and quantities, with compari-
son made to human review methods (15,16,19). However, there
has not yet been a study of known mixtures with up to five
unknown contributors, where the mixture weights reflected real-
istic casework instead of simple integer ratios.
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Specificity 

shrinkage toward zero information, as contributor number
increases, for both high and low DNA amounts (1 ng and
200 pg).

These trends are quantified in Table 8. The mean values
showed roughly equal specificity across the three different ethnic
groups (Tables S1 and S2). At 1 ng (Table 8a), there was

FIG. 7––Specificity (200 pg). The log(LR) specificity distribution for mixtures having (a) 2, (b) 3, (c) 4, and (d) 5 contributors. The LRs were computed rela-
tive to 10,000 randomly generated profiles across the FBI African American (BLK, red), Caucasian (CAU, green), and Hispanic (HIS, blue) populations.

TABLE 8––Specificity. Specificity statistics were calculated for the eight groups (quantity and contributor number). (a) The minimum, mean, maximum, and
standard deviation log(LR) values were averaged across three ethnic populations. (b) The total number of false inclusions is shown for each group, binned by

log(LR) value (rows).

ncon

1 ng 200 pg

2 3 4 5 2 3 4 5

(a) Summary statistics
N= 600,000 900,000 1,200,000 1,500,000 600,000 900,000 1,200,000 1,500,000
Min !30.000 !30.000 !30.000 !30.000 !30.000 !30.000 !30.000 !20.143
Mean !23.904 !18.339 !13.878 !9.429 !20.247 !13.507 !9.517 !7.636
SD 4.608 5.990 7.183 4.536 6.821 5.986 4.048 2.218
Max !1.514 1.511 2.140 3.202 0.410 1.878 2.006 1.671

log(LR)

1 ng 200 pg

2 3 4 5 2 3 4 5

(b) False inclusions
0 0 18 142 1071 0 36 152 123
1 0 6 37 200 0 16 22 18
2 0 1 7 24 2 1 3 4
3 0 0 0 6 0 0 0 0

Total 0 25 186 1301 2 53 177 145
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Sensitivity 

using their weight, quantity, and log(LR) values (Fig. 1). The
scatterplots of positive match results were roughly linear
(r2 = 0.505), and for two contributors showed the expected
log(LR) reductions for equal contributor weights and high DNA
amounts. The average regression slope across all groups was
13.33 log(LR)/log(DNA), with a standard error of 0.74. This
slope value means that a 10-fold change in contributor DNA
amount yields about a trillion-fold change in LR (Table 3).

Interpretation Invariance

There were eight test groups, two for DNA quantity (high,
low) and four different contributor numbers (2, 3, 4, and 5 indi-
viduals). The slope parameter describes an important aspect of
interpretation behavior, namely how contributor DNA amount
affects match information. Finding similarity in the slope param-
eter between the groups’ regression results would suggest that
TrueAllele’s interpretation behavior is relatively invariant across
these conditions. Such interpretation invariance would show that
TrueAllele behaves consistently, regardless of the number of
contributors or amount of DNA.
Consider, for example, the interpretation of a two-person

high-template mixture, relative to that of a five-person low-tem-
plate mixture. The peak height data for these two situations

would look entirely different. On average, there is more identifi-
cation information in a 1 ng two-person mixture than in a
200 pg five-person mixture, as seen in the 4 ban difference in
respective y-intercept values of !14.9 and !18.6 (Table 3). But
their respective slopes of 11.4 and 13.3 are similar, indicating a
consistent information response to changes in contributor DNA
amount.
Analysis of covariance (ANCOVA) was used to test this simi-

larity hypothesis. The covariate was the slope of a regression
line (Fig. 2). The null hypothesis was that the slopes (across the
eight groups) were the same. To reject the null hypothesis, there
would need to be a significant difference between the slopes.
(The intercept values were expected to differ, as each DNA mix-
ture group had its own average identification information.)
The eight groups showed different intercept values (Table 3),

expressing group differences in DNA detectability (x-intercept)
and identification information (y-intercept). There was no signifi-
cant difference in regression line slope (p = 0.3478 > 0.05), and
so the null hypothesis could not be rejected (Table 4). Table 3
indicates the slope invariance across four different contributor
numbers (2, 3, 4, and 5) and DNA template amounts (1 ng and
200 pg). This invariance shows that TrueAllele’s overall infor-
mation response to DNA data does not significantly depend on a
particular mixture’s number of contributors or template amount.

FIG. 5––Sensitivity (200 pg). Histograms of the log(LR) distribution for mixtures having (a) 2, (b) 3, (c) 4, and (d) 5 contributors. Average replicated log
(LR) scores were used.
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Reproducibility 

all the data. Such thorough and objective mathematical DNA
mixture interpretation is the province of machines (31).
To be forensically useful, interpretation methods must be fully

tested on realistic data. When software programs cannot robustly
resolve challenging mixtures, their casework applicability
becomes limited (e.g., DNAMIX, I-3, LoComatioN, LSD, PEN-
DULUM). For over 10 years, TrueAllele has been extensively
assessed in validation studies performed by crime laboratories
and Cybergenetics, with publication in peer-reviewed journals
(15–19).
This TrueAllele validation study used randomly generated

DNA mixtures of known composition that were representative of
actual casework. The samples contained up to five contributors,
for both high- and low-template amounts. The study assessed the

efficacy of the computer’s genotype modeling, as quantified by
LR.
The computer’s mixture weight values were found to be reli-

able. The computed match information varied with DNA quan-
tity in a predictable way that did not significantly depend on
contributor number or template amount. Excess assumed contrib-
utors did not materially affect the conclusions.
The match statistic determination of inclusion and exclusion

gave reproducible match values. The system was highly sensi-
tive, preserving considerable identification information. It was
also extremely specific, providing large exclusionary match sta-
tistics. Error rates were determined for false inclusions and
exclusions. Inclusion accuracy was tabulated as a function of
mixture weight.
This in-depth experimental study and statistical analysis estab-

lish the reliability of TrueAllele for the interpretation of DNA
mixture evidence over a broad range of forensic casework condi-
tions.
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FIG. 9––Reproducibility (200 pg). Scatterplots of paired log(LR) values for duplicate computer runs on the same mixture sample. The mixtures had (a) 2, (b)
3, (c) 4, and (d) 5 contributors. Each point shows the first (LR1) and second (LR2) replicates.

TABLE 9––Reproducibility. The table shows the within-group standard devi-
ation rw (ban) for each of the eight test groups, at both 1 ng and 200 pg

DNA template amounts.

ncon 1 ng 200 pg

2 0.189 0.171
3 0.281 0.205
4 0.430 0.255
5 0.287 0.254
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Reliability (FRE 702) 
• based on sufficient facts or data 
• product of reliable principles and methods 
• expert has reliably applied methods to data 

Daubert factors: 
(1) methods centered upon a testable hypothesis 
(2) error rate associated with the method 
(3) method has been subject to peer review 
(4) generally accepted in relevant scientific community 

(Frye criterion) 
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Acceptance is widespread  
Admitted after Daubert or Frye challenge in:  
California, Louisiana, New York, Ohio, Pennsylvania,  
Virginia, Australia & United Kingdom 

Used in hundreds of criminal cases in most of the 
United States, for both prosecution and defense 

Crimes labs use TrueAllele® system in California, 
South Carolina & Virginia; others starting soon 

TrueAllele brings DNA mixture evidence back into the 
case, with guilty plea the most common outcome 

Conclusions 

• Objective genotyping eliminates examination bias 
• Identification information for cases and validations 
• Validation establishes accuracy and error rates 
• Courts need solid science – empirically proven 

• Criminal justice 
• Societal safety 
• Conviction integrity 

Learning about genotyping 
http://www.cybgen.com/information 

• Courses 
• Newsletters 
• Newsroom 
• Presentations 
• Publications 
• Webinars 

http://www.youtube.com/user/TrueAllele 
TrueAllele YouTube channel 

perlin@cybgen.com 


