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Exploratory data analysis for the interpretation of low template DNA mixtures
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A B S T R A C T

The interpretation of DNA mixtures has proven to be a complex problem in forensic genetics. In

particular, low template DNA samples, where alleles can be missing (allele drop-out), or where alleles

unrelated to the crime-sample are amplified (allele drop-in), cannot be analysed with classical

approaches such as random man not excluded or random match probability. Drop-out, drop-in, stutters

and other PCR-related stochastic effects, create uncertainty about the composition of the crime-sample,

making it difficult to attach a weight of evidence when (a) reference sample(s) is (are) compared to the

crime-sample. In this paper, we use a probabilistic model to calculate likelihood ratios when there is

uncertainty about the composition of the crime-sample. This model is essentially exploratory in the sense

that it allows the exploration of LRs when two key-parameters, drop-out and drop-in are varied within

their plausible ranges of variation. We build on the work of Curran et al. [8], and improve their

probabilistic model to allow more flexibility in the way the model parameters are applied. Two new main

modifications are brought to their model: (i) different drop-out probabilities can be applied to different

contributors, and (ii) different parameters can be used under the prosecution and the defence

hypotheses. We illustrate how the LRs can be explored when the drop-out and drop-in parameters are

varied, and suggest the use of Monte Carlo simulations to derive plausible ranges for the probability of

drop-out. Although the model is suited for both high and low template samples, we illustrate the

advantages of the exploratory approach through two DNA mixtures (involving two and at least three

individuals) with low template components.
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Contents lists available at SciVerse ScienceDirect

Forensic Science International: Genetics

jou r nal h o mep ag e: w ww .e lsev ier . co m / loc ate / fs ig
1. Introduction

The interpretation of DNA profiles obtained from low template
DNA (LTDNA) samples has proven to be a particularly difficult
problem [1,2]. LTDNA samples often comprise DNA from multiple
contributors, in different quantities and in limited amounts, which
cause PCR-related stochastic effects, such as drop-out (alleles in
the sample that fail to PCR-amplify) and drop-in (alleles
unassociated with crime-samples that are PCR-amplified) [3,4].

When a reference sample, e.g. from a suspect, is compared to a
crime-sample profile, stochastic effects typically create discor-
dances at several loci, making it impossible to use classical methods,
such as random man not excluded or the random match
probabilities, to report the weight of the DNA evidence. Several
models have been proposed in the literature to overcome these
issues, but none is in general use or are easily available (free
software). They are all anchored in a likelihood ratio (LR) framework,
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and are traditionally classified in two categories based on the type of
information they take into account: (i) continuous models, model
the peak heights as continuous variables, and thus account for both
the qualitative and quantitative data provided by the electropher-
ograms (epgs) [5–7], and (ii) qualitative models that only use the list
of alleles observed in a DNA profile [8–11]. Continuous models
consider peak heights to be continuous random variables, and in
principle, make the ‘best use’ of available data. However, when PCR-
related stochastic effects such as drop-out and drop-in affect the
sample profile (i.e. typical low-template DNA profiles), these models
are less efficient because the variability of the signal is exacerbated
and the uncertainty in the peak heights is difficult to assess [12].
Comparative studies have not yet been undertaken. Consequently, it
is not clear yet how these models behave when applied to low
template DNA (LTDNA) in practice, and there is little published on
the matter of their robustness when used with these type of samples
[7]. Because the utility of peak height information decreases as the
amount of template decreases [13], the qualitative and continuous
models must eventually converge.

It is possible to evaluate complex mixtures and account for
the main stochastic effects related to LTDNA samples, namely,
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Fig. 1. Single source, single-locus examples. When the suspect is assumed to be the

contributor to the samples: case A: no drop-out, no drop-in; case B: one drop-out,

no drop-in; case C: one drop-out, one drop-in.
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drop-out and drop-in, without explicitly modelling the peak
heights as continuous variables. This is achieved by adopting a
probabilistic model that evaluates likelihood ratios, conditioned on
the probability of allelic drop-out and drop-in. Such a model has
been described by Curran et al. [8] and Gill et al. [9]. The model
enables the computation of LRs for DNA samples with several
replicates, which may show drop-out and drop-in alleles, and with
multiple contributors. Although this model falls within the
qualitative category, it is more accurate to describe it as semi-
continuous, since information derived from the epgs is included in
the LR to account for uncertainty in the data [8]. In this paper, we
improve this model by implementing three major modifications:
(i) the probability of drop-out is split per contributor, (ii) the drop-
out parameter can vary under the prosecution and the defence
hypothesis and (iii) allele masking due to shared alleles between
contributors is accounted for. The results of the modified model
that we will refer to as the ‘SplitDrop’ model, are compared to the
original ‘basic’ Curran model, as well as to a newly available
software, LikeLTD [14], which also relies on the method described
in [8]. The basic model and LikeLTD are essentially the same, but
instead of exploring a range of values for these probabilities,
likeLTD searches for single drop-out and drop-in estimates which
maximise the likelihoods under the defence and the prosecution
hypotheses. We illustrate how the SplitDrop model can be applied
in practice to typical cases of DNA mixtures reported by the
Netherlands Forensic Institute, and the Norwegian Institute of
Public Health, and show how it can be employed as an exploratory
approach to evaluate the strength of DNA evidence.

2. Theoretical considerations

2.1. The classical likelihood ratio

The classical likelihood ratio (LR) approach consists of a
comparison of the likelihood of obtaining the observed DNA
profiles given alternative competing hypotheses. The probability of
observing the evidence E given hypothesis H, can be computed
using probabilistic reasoning. The LR is usually written as:

LR ¼ PrðEjH pÞ
PrðEjHdÞ

(1)

Fig. 1 shows an example of three epgs of a crime-sample at a
single locus. We want to evaluate the following hypotheses,
assuming that it has exactly one contributor:

� Hp: the suspect contributed to the sample,
� Hd: an unknown person, unrelated to the suspect, contributed to

the sample.

First consider the case where there is sufficient DNA in the
sample for the alleles to faithfully reflect the genotype of the donor
of the sample. If the observed profile matches that of the person of
interest (the suspect in this case), then under Hp, the probability of
observing the crime-sample profile is one, since the suspect is
assumed to be the contributor. Under Hd, we assume that an
unknown person is the contributor of the sample. This person,
under the assumption of a single donor trace, needs to match the
reference profile. In our example case A, the only ‘unknown
genotype’ that can explain the profile is a heterozygote 9, 10. The
probability of observing the evidence, conditioned on an unknown
person contributing to the sample is the probability of observing
the genotype in the target population. If the target population
consists of the general population, unrelated to the offender, with
allele frequencies p9 and p10 for alleles 9 and 10, then the LR in
Eq. (1) is simply:

LR ¼ 1

2 p9 p10
(2)

Let us assume now that that it is no longer certain that the
observed alleles in the sample faithfully reflect the trace donor’s
genotype, a situation that arises in a low-template crime-sample
profile. For example, certain alleles may have failed to PCR-amplify,
or there could also be alleles unrelated to the contributor(s) that
appear in the sample epg (allele drop-in). In the classical LR
approach (unjustly ignoring the uncertainties), the probability
Pr(E|Hp) can be zero. This happens if the crime-sample profile
cannot be explained by the suspect profile, and one way to deal
with this situation is to ignore the problematic locus, and to
compute a statistic for loci that do not show drop-out, drop-in or
other stochastic effects. However, this approach is biased as it
effectively considers evidence to be ‘neutral’ (LR = 1) and obviously
may be very anti-conservative [15]. Models are needed however
that are able to fully evaluate any hypothesis.

The Curran et al. [8] model enables unrestricted computation of
likelihood ratios when PCR-related stochastic effects such as drop-
out and drop-in are possible. In the following section, we illustrate
how unrestricted computation of likelihood ratios is enabled when
the probability of the evidence is conditioned on the probabilities
of allelic drop-out and drop-in.

2.2. Likelihood ratio allowing for drop-out and drop-in

Curran et al. [8] proposed a probabilistic model that enables the
evaluation of low template DNA samples. The model is based on
simple principles of probabilistic theory, and only makes use of
qualitative data.

Suppose n replicates, R1, . . . , Rn, have been analysed. We want to
compute the LR for two competing hypotheses, Hp and Hd, which
state the alternative contributors to the crime-sample. To achieve
this, we need first to compute P(Ri|H), where H is a hypothesis
stating the number of contributors, the genotype of some of these
contributors (possibly none), the probabilities of observing each
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donor’s alleles in a replicate (i.e. allele drop-out) and the
probability that alleles outside the donor’s genotypes are
nonetheless observed in a replicate (i.e. allele drop-in). The data
may consist of one or more replicates of the DNA sample, and the
profiles of the possible contributors, such as the suspect(s) and the
victim(s). In probabilistic terms, this is written:

PrðR1; R2; :::; RnjHÞ (3)

Following Curran et al. [8], we consider that all Ri replicates are
(conditionally) independent given the drop-out and drop-in rates
and the genotypes of all contributors. This means that events of
drop-in and drop-out are independent between replicates given
this information. Since the replicates are not independent but only
conditionally independent when all the contributor’s genotypes
are known, we can compute the probability of interest as:

PrðR1; :::; Ri; :::; RnjHÞ ¼
X

j

Y
i

PrðRijU j; HÞ
" #

PrðU jjHÞ (4)

where Uj runs over the possible genotypes of the unknown
contributors. Note that the LR evaluation is reduced to two steps:

1. Evaluation of the replicate probabilities:
Q

i PrðRijU j; HÞ,
2. Evaluation of the genotype probabilities: Pr(Uj|H).

Note that in the original model [8], sets U, V and T, standing
respectively for the possible alleles of the unknown contributors,
those of known non-contributors and known contributors, are
defined. However we will have no need for these notions.

2.2.1. Replicate evaluation

The evaluation of the replicate probabilities Pr(Ri|H) consists of
a comparison of the sample profile with the genotypes of the
hypothesised contributors. Three possibilities can occur:

-
� the alleles in the replicate are exactly those of the hypothesised

contributors.
� some of the alleles of the hypothesised contributors are not

recovered in the replicate.
� some alleles in the replicate are not explained by the

contributors.

The two latter conditions can be explained by allelic drop-out
and drop-in [3]. The last possibility can also be explained by
unknown contributors. If positive drop-out and drop-in rates are
incorporated into the calculation, then these latter two cases do
not lead to zero probability of observing the replicates.

2.2.2. Allelic drop-out

Allele, or locus, drop-out is defined as a signal that is below the
limit of detection threshold (LOD). It occurs when either one or
both alleles of a heterozygote fail to PCR-amplify. Homozygote
drop-out is treated as a special case, since two identical alleles
must simultaneously drop-out in order for the allelic drop-out to
occur. Because of the dosing effect, homozygote drop-out is less
likely than allele drop-out [10]. Drop-out is often considered as a
possibility if there is an allele missing in the crime-sample that is
visualised in the reference sample. For example, allele 10 in Fig. 1B
illustrates this point. In practice, the possibility of allelic drop-out
or any other stochastic effect, is evaluated by the expert before any
comparison with reference profiles. If there is uncertainty in the
crime-sample profile, then we suggest that a computation of the LR
needs to incorporate the possibility of drop-out for alleles in
reference profiles that are not observed in the crime-sample.

2.2.3. Homozygote vs. heterozygote drop-out

Denoting d the probability of drop-out of a heterozygote allele,
and d0 that of a homozygote allele, it can be assumed that d0 < d2,
since alleles amplify independently of each other. In addition, it is
clear that if d = 1 then d0 = 1: if a heterozygote allele cannot be
sufficiently PCR-amplified, then neither can a homozygote allele.
Balding and Buckleton [10] propose d0 = ad2 for 0 < a < 1, but this
correction does not imply d0 = 1 when d = 1, hence this correction
cannot be used for all d in the [0,1] interval. In reality, it is expected
that the d2 approximation is a lower bound for d0 because a
homozygote peak is the combination of two coinciding heterozy-
gote peaks, each of which may separately be below the detection
threshold while the total is above it. However, if the probability of
this event is small enough, then d0 = d2 seems to be a reasonable
approximation. Hence, throughout the manuscript we use the
d0 = d2 correction.

2.2.4. Drop-in

We follow the definition of the DNA commission of the
International Society for Forensic Genetics [16] and define allele
drop-in as an allele that is not associated with the crime-sample,
and remains unexplained by the contributors stated under either
Hp or Hd. In the original Curran model, a drop-in event of allele i

was assigned probability c � pi, where c is the drop-in probability,
and pi frequency of allele i. When no drop-in occurs, probability
1 � c applies to the whole replicate [8]. In the probabilistic model
provided in Supplementary Section I, we write the LR as a function
of drop-out and drop-in, and we explicitly show how the formulae
derived by Curran et al. [8] can be viewed as approximations to the
ones obtained within this model. The exact calculations for the
single-locus examples in Fig. 1 when drop-in is considered are also
given in Supplementary Section II. In these examples, the
differences between the likelihood ratios obtained with the
Curran method and the likelihood ratios obtained with our model
are very small, provided that the drop-in parameter c is small.
Therefore, in the following, we retain the simple Curran
approximation, but we consider the drop-in parameter c to be
small, at most in the order of 0.05. This value corresponds to one
expected drop-in allele per 20 loci, which may coincide with the
real contributor’s alleles.

2.2.5. Genotype evaluation

When unknown contributors are involved in the conditioning of
a given hypothesis, the probability that they have each of the
possible genotypes must be evaluated. A key step in the model
presented here, is the enumeration of all possible genotypes for
unknown contributors. Given that alleles can drop-out and/or
drop-in, this leads to a much larger number of potential genotypes
for the unknown contributors, compared to the case where
genotypes of the unknown are constrained to the visualised alleles
observed in the sample epgs [8]. In theory, unknown contributors
can have any genotype, including those not supported by peak
height data. Gill et al. [9] introduced the Q designation to refer to
those alleles that can be of any type, except those already observed
in the crime-sample, across all replicates. The set of unknown
genotypes, U, can include alleles that have been observed, and
alleles that have not been observed because drop-out has occurred
(Q alleles).

When drop-out is deemed possible, then the unknown
contributors could have genotypes that have completely or
partially dropped out from the crime-sample. Formally, an allele
Q stands for an allele outside of the set S that contains the alleles
observed in the crime-sample. Based on the Q designation, the
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c=0
c=0.01
c=0.05

Likelihood ratio case B

Table 2
Likelihood ratios for case B.

Classical approach LR = 0

Drop-out, no drop-in LR ¼ dð1�dÞ
ð1�d0 Þ p2

9
þdð1�dÞ p9Q

Drop-out and drop-in LR ¼ dð1�dÞð1�cÞ

ð1�cÞ ð1�d0 Þ p2
9
þdð1�dÞ p9Q

� �
þc p9 d0 pQQþd2 pQQ 0

h i
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unknown contributors could either be homozygotes or heterzoy-
gotes. Such homozygote genotypes are denoted QQ with corre-
sponding genotypic frequency of pQQ, and heterozygotes genotypes
are denoted QQ0, with genotypic frequency pQQ 0 , where Q 6¼ Q0. In
the example given in Fig. 1A, the observed alleles in the crime-
sample are 9 and 10, hence, the virtual Q allele can be any allele at
this hypothetical locus, except 9 and 10, i.e. S = {9, 10}. In practice,
the evaluation of genotype probabilities can be carried out for each
putative genotype using the simple product rule, hence we have in
this example: pQQ ¼

P
i =2 S p2

i , where pi is the frequency of the ith
allele. And for heterozygotes, denoted QQ0, the genotypic
probability is: pQQ 0 ¼

P
i =2 S; j =2 S2 pi p j.

The frequency of heterozygote genotypes where only one allele
has dropped out is denoted piQ (with i an allele in S). The frequency
of such genotypes is given by: piQ = 2pi

P
j=2Spj. In the example

Fig. 1A, the frequency of the heterozygote genotype p9Q is:
p9Q = 2p9

P
j=2Spj. Note that pQQ þ pQQ 0 is the frequency of genotypes

that do not contain alleles in S, as a consequence we have: pQQ þ
pQQ 0 ¼ ð1 �

P
i 2 S piÞ

2:

2.2.6. Mathematical justification of the probabilistic model

The simple formalization, based on Curran’s formula [8] has two
advantages, first, it greatly simplifies the calculations, through the
use of different sets of alleles, and second, it provides a simple tool
to facilitate the use of the model to analyse real casework (as
demonstrated in Section 3). We provide a mathematical proof and
general formula for our probabilistic model, in order to provide
justification for our calculus in Supplementary Section I. In the
following examples, we first illustrate some of the model features
by demonstrating the calculation of likelihood ratios for single-
locus examples compiled in Fig. 1, then we use multi-loci examples
to further illustrate the principles of the approach.

2.3. Single locus examples

2.3.1. Case B

In the single-locus example in Fig. 1B, the crime-sample profile
is 9. Under Hp, the suspect 9, 10 is assumed to have contributed to
the sample. Since only allele 9 is recovered in the sample drop-out
must be invoked in order to explain the sample profile. Hence we
record one drop-out and one allele that has not dropped out. Under
Hd, an unknown person is conditioned to have contributed to the
sample, in theory this unknown genotype could be either 9, 9 or 9Q,
with Q being any allele in the population at the considered locus,
except allele 9. If drop-in is deemed possible, two additional
genotypes, QQ and QQ0, with Q 6¼ Q0 which are not concordant with
the sample profile, have to be considered. Note in this example, in
addition to assigning a drop-out probability d when a drop-out
occurs, it is necessary to assign the non-dropout probability, 1 � d,
when an allele is observed in the sample. It is not strictly necessary
to consider drop-in to explain the profile in this example, however,
we evaluate the effect of incorporating the drop-in parameter in
this case. Table 1 summarises the formulae.
Table 1
Replicate and genotype probabilities for the single locus case, when drop-in is either

considered as impossible (c = 0) or possible (c 6¼ 0).

Contributors Replicate prob. Genotype

prob.

No drop-in Drop-in

Under Hp 9,10 d(1 � d) d(1 � d)(1 � c) 1

Under Hd 9,9 (1 � d0) (1 � d0)(1 � c) p2
9

9,Q d(1 � d) d(1 � d)(1 � c) p9Q

QQ 0 d0cp9 pQQ

QQ0 0 d2cp9 pQQ 0
Table 2 summarises the likelihood ratios calculated for case B,
and Fig. 2 displays the sensitivity analysis relative to the
probability of drop-out d.

Although we need to consider drop-out in order to include the
suspect, if the drop-out probability is very low (d � 0) then the
heterozygote genotype of the suspect is no longer supported under
Hp. If drop-in is accounted for, then the LR decreases when drop-in
increases from 0 to 0.05. This can also be explained intuitively: if
drop-in is more likely, then the suspect alleles that are recovered in
the sample are more likely to be drop-in alleles rather than alleles
from the suspect, the evidence will then tend to be weighted more
towards the defence hypothesis of exclusion. The probabilities of
the data under Hp and under Hd are shown in the electronic
Supplementary Figs. 4 and 5.

2.3.2. Case C

Case C (Fig. 1C) differs from case B in that we need to assume an
allele drop-in to fully explain the profile in the epg under the
prosecution hypothesis. Under Hp, the suspect contributed to the
sample, in this case, there is one drop-out (allele 10) and one drop-
in (allele 7). Under Hd, an unknown person contributed to the
sample. The unknown genotype can either be a combination of
alleles in the sample, or Q alleles (any allele except 7 and 9) that
have dropped out. Table 3 gives the calculation details.

In case C, we need both drop-in and drop-out to explain the
profiles under Hp. Using 0.01 as the drop-in probability c, yields an
LR in favor of the defence hypothesis Hd, for most of the range of
variation of d (d < 0.98, Fig. 3). Indeed, small values of c penalise
the Hp proposition, since drop-in is needed to include the suspect
(Supplementary Fig. 6). Under Hd, increasing c increases the weight
1
2

d
0.01 0.20 0.40 0.60 0.80 0.99

LR=1, neutral  evidence

Fig. 2. Sensitivity plot of the LR to the drop-out probability d and to the drop-in

probability c. d varies in [0.01, 0.99], while c varies in 0; 0:01; 0:05f g. The crime-

sample is 9, and the suspect is 9, 10. Frequency of allele 9 is taken as 0.11. The

homozygote drop-out is taken as d0 = d2.



Table 3
Replicate and genotype probabilities for case C.

Contributors Replicate prob. Genotype prob.

Under Hp 9,10 d(1 � d)p7c 1

Under Hd 7,9 (1 � d)2(1 � c) 2p7p9

7,7 (1 � d0)p9c p2
7

9,9 (1 � d0)cp7 p2
9

7Q (1 � d)dp9c p7Q

9Q (1 � d)dp7c p9Q

QQ d0p7p9c2 pQQ

QQ0 d2p7p9c2 pQQ 0
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of those genotypes that are not recovered in the sample, these are
rendered even more likely when drop-out probability tends
towards 1 (Supplementary Fig. 7).

In the following sections, we turn to multi-loci profiles,
comprising two or three contributors. Intuitive interpretations
such as those presented above, become more complex to assess
when multiple loci are analysed simultaneously. We exemplify the
calculations for few loci and use graphical representation to
summarise multi-dimensional sensitivity analyses.

3. Casework examples

Unbalanced DNA mixtures, with one major component and one
or more minor components are commonly encountered in
casework. In these types of cases, it is typically observed that
the major contributor is often a complete profile, whereas the
minor contributor is partial. Consequently, it is appropriate to
consider different drop-out probabilities for alleles from different
contributors, since alleles from minor and major contributors are
unlikely to drop-out with the same probabilities. We modify the
model of [8,9], to allow application of different drop-out rates per
contributor. This translates, for a vast majority of cases, into
associating a low drop-out probability with the major contribu-
tor(s), and a higher drop-out probability for the minor contribu-
tor(s). We first evaluate a two-person mixture, where the major
0.
0

0.
5

1.
0

1.
5

d

LR

0.01 0.20 0.40 0.60 0.80 0.99

c=0
c=0.01
c=0.05

LR=1, neutral  evidence

LR case C

Fig. 3. Sensitivity plot for case C. Probability d varies in [0.01, 0.99], while c varies in

0; 0:01; 0:05f g. The crime stain is 7,9, and the suspect is 9, 10. Frequency of alleles 7

and 9 are taken as 0.32 and 0.11 respectively. The homozygote drop-out is taken as

d0 = d2.
contributor is identified as the victim. We then analyse a mixture
of at least three individuals, with one major contributor
corresponding to a known victim, and possibly two minor
contributors. For both cases, a sensitivity analysis of the likelihood
ratios to the probability of drop-out is carried out. In order to assess
the impact of the improvements to the model of Curran et al., we
compare the likelihood ratios obtained with two models:

-
� the ‘basic model’: the basic model involves a single drop-out

probability applied to all hypothesised contributors and with no
correction for allele sharing,
� the ‘SplitDrop’ model: different drop-out probabilities are

applied to different contributors, and allele sharing is accounted
for.

Both models were programmed into the the Forensim package for the
R software [17,18], and all the calculations and the plots presented in
the paper are generated using Forensim.

3.1. Example 1: a two-person mixture

In this example (Table 4), the crime-sample profile is an
unbalanced DNA mixture analysed with the Applied Biosystems
Next Generation Multiplex (NGM). The expert assessed the profile
as most likely consisting of two contributors - one major
contributor and one minor. The major contributor corresponds
to an identified victim (from which the sample was collected), and
a suspected individual is detained by the police. Consequently, we
apply two drop-out parameters: d1 and d2 for the major (victim)
and the minor contributor respectively. The probabilities for alleles
from homozygous profiles are denoted d01 and d02 respectively. All
parameters are kept constant under Hp and Hd. The following
hypotheses are evaluated for this case:

-
� Under Hp: the suspect and the victim are the contributors.
� Under Hd: the victim and one unknown, unrelated to the suspect,

are the contributors.

3.1.1. One drop-out, locus FGA

FGA

Sample 20,23

Victim 20,23

Suspect 23,24

Under Hp

We assume that the suspect and the victim left the trace. While
the victim’s alleles are recovered in the sample, one of the suspect’s
alleles has dropped-out. A consideration of drop-out is used to
explain the sample profile under Hp.

Since suspect and victim share allele 23, and because we have
no information about the number of copies of allele 23 in the
sample, we have to consider the possibility that there is either one
or two copies of this allele in the sample. Table 5 shows how the
probabilities of drop-out are assigned to each possible genotype.

By summing the probabilities for all possibilities (column four
of Table 5), we derive Pr(E|Hp) = (1 � d1)(1 � d1d2)d2.

Under Hd

The victim and one unknown person contributed to the sample.
The victim’s alleles are recovered in the sample and have thus not
dropped out. The unknown contributor can have any combination
of alleles among those observed in the sample, but could also have
alleles that have dropped out (Q alleles). If we ignore the possibility
of drop-in, then, the genotype of the unknown contributor and the



Table 4
Case 1: A two-person mixture analysed with the NGM system (one replicate). The table displays alleles one to four (A1,...,A4) and their corresponding peak heights (H1,...,H4).

Marker A1 A2 A3 A4 H1 H2 H3 H4

D10S1248 13 14 15 140 82 3016

vWA 16 18 19 1562 1778 193

D16S539 9 11 2981 67

D2S1338 19 22 23 24 56 973 973 91

D8S1179 10 11 15 110 107 2900

D21S11 28 29 30 31.2 94 1268 201 1116

D18S51 11 16 17 1094 1102 194

D22S1045 11 15 16 1557 1378 163

D19S433 13 14 15 69 80 2933

TH01 7 9 9.3 119 97 3174

D2S441 11 14 15 16 1388 90 119 1177

D3S1358 15 16 17 1279 1486 71

D1S1656 11 12 13 1404 209 1278

D12S391 17 18.3 20 1012 110 928

FGA 20 23 1092 1295
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victim profile must explain the sample profile. Table 6 details the
calculations of the probability of the evidence under Hd. We correct
for allele sharing directly similarly to Table 5.

By summing over all probabilities in Table 6, the LR for locus
FGA is finally:

LRFGA ¼ ð1 � d1Þð1 � d1d2Þd2=

fð1 � d1d2Þ22 p20 p23 þ ð1 � d1d2Þð1 � d1Þd2ð p23Q þ p20Q Þþ
ð1 � d1d02Þð1 � d1Þð p2

20 þ p2
23Þ þ ð1 � d1Þ2ðd02 pQQ þ d2

2 pQQ 0 Þg

3.1.2. No drop-out, locus D8S1179

D8S1179

Sample 10,11,15

Victim 15,15

Suspect 10,11

Under Hp

The suspect and the victim are the contributors to the trace.
Since alleles 10, 11 and 15 are observed in the sample, no drop-out
has occurred. Alleles 10 and 11 are recovered in the sample and this
has probability (1 � d2)2, and the homozygous genotype 15,15 is
also observed in the profile, and this has probability: ð1 � d01Þ. The
replicate probability is then:

PrðEjHpÞ ¼ ð1 � d01Þð1 � d2Þ2, when drop-in is not considered a
possibility (c = 0).

Under Hd

The major contributor, (15,15) and an unknown person left
the trace. Since drop-in is ignored here, there is only one
possible genotype for the unknown contributor and that
is 10,11. The replicate probability in this case is thus the
same than under Hp. The genotype probability is that of genotype
10,11 in the target population: 2p10p11. This leads to:
PrðEjHdÞ ¼ ð1 � d01Þð1 � d2Þ22 p10 p11. The LR at locus D8S1179 is
thus:

LRD8S1179 ¼ ð1 � d01Þð1 � d2Þ2

ð1 � d01Þð1 � d2Þ22 p10 p11

¼ 1

2 p10 p11

This result could have been deduced directly, since we can
completely deconvolve the mixture at this locus.
3.1.3. No drop-out, one shared allele: locus D1S1656

D1S1656

Sample 11,12,13

Victim 11,13

Suspect 11,12

Under Hp

The alleles in the sample can be explained completely by the
profiles of the suspect and the victim. Note that at this locus,
suspect and victim share one allele (11). No drop-out events are
recorded at this locus, still, we do not know the exact number of
copies of allele 11 in the sample. Similarly with locus FGA (under
Hp Table 6), we must ensure that all possibilities are accounted for,
since there could either be two copies or one copy of the allele
present. The former corresponds to no drop-out at all of allele 11.
The latter corresponds to one drop-out, either from the victim, or
the suspect. Summing the probabilities across each possibility
yields the formula shown in Table 7.

Under Hd

The major contributor and an unknown person left the trace,
Table 7 displays all the possible genotypes for the unknown
contributor for which the replicate probability is non-zero.

The likelihood ratio at locus D1S1656 is finally:

LRD1S1656 ¼ ð1 � d1d2Þð1 � d1Þð1 � d2Þ=
ð1 � d1Þ2ð1 � d02Þ p2

12 þ 2 p12ð1 � d1Þð1 � d1d2Þð1 � d2Þð p13 þ p11Þþ
n

1 � d1Þ2ð1 � d2Þd2 p12Q

� o

Fig. 4 shows the sensitivity analysis of the likelihood ratios for
loci FGA, D8S1179, and D1S1656, and for the overall LR for the 15
NGM loci.

Overall, regardless of the drop-out values, the LRs obtained
from both analyses ranged between �1013 and �1014. Higher LRs
were obtained with the SplitDrop model (d1 6¼ d2) for drop-out
values lower than 0.76, however the difference between the two
models is always below one unit (on log10 scale). Essentially, both
models provide very similar results, illustrating that it is
uneccesary to specify different drop-out rates per contributor.
The LR was stable over the reasonable range of variation of the
drop-out of the minor contributor and the value of �1013 (d = 0.01),
could be used as a lower bound to assist reporting officers to assess
the strength of the evidence. Note that this bound was obtained
under the assumption that the drop-out probabilities were the



Table 7
Replicate and genotype probabilities under Hd, locus D1S1656. The replicate

probability under Hp can be deduced from the combination (11,13; 11,12), with a

genotype probablity of one.

Victim; Unknown Replicate probability Genotype

probability

11,13; 12,12 ð1 � d1Þ2ð1 � d02Þ p2
12

11,13; 12,13 (1 � d1)(1 � d1d2)(1 � d2) 2p12p13

11,13; 11,12 (1 � d1)(1 � d1d2)(1 � d2) 2p11p12

11,13; 12Q (1 � d1)2(1 � d2)d2 p12Q

Table 5
Replicate probability for locus FGA, under the prosecution hypothesis Hp. All drop-

out events relate to heterozygote genotypes.

Genotype Dropouts Non-dropouts Probability

23 dropped out from the suspect

Victim 20,23 0 2 ð1 � d1Þ2 � d2
2

Suspect 23,24 2 0

23 dropped out from the victim

Victim 20,23 1 1 (1 � d1)d1� (1 � d2)d2

Suspect 23,24 1 1

23 did not drop out

Victim 20,23 0 2 (1 � d1)2� (1 � d2)d2

Suspect 23,24 0 1
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same under Hp and Hd. We now investigate the effect of varying the
drop-out probabilities between these two hypotheses.

Recall that we evaluated the hypotheses: Hp, the victim and the
suspect were the source of the crime sample vs. Hd, the victim, and
one unknown were the source of the sample. We have previously
applied the drop-out probability d1 = 0 to the victim, and the same
probability to the suspect under Hp and the unknown under Hd,
which varies in [0.01,0.99] (Fig. 4). Given the level of the peak
heights in the sample profile, it seems reasonable to apply the same
drop-out probability to the suspect and the unknown under Hp and
Hd. However, there may be debate over the use of the same
parameters under different propositions, and recently authors
have suggested that the likelihoods of Hd and Hp should be
evaluated separately, using different drop-out parameters [14].
The SplitDrop model allows this flexibility, since different drop-out
probabilities can be applied to different hypothesised contributors.
As a consequence, another dimension can be added to the
sensitivity analysis in Fig. 4, in order to explore the effect of
varying drop-out parameters between the suspect under Hp, and
the alternative unknown contributor under Hd. If dsuspect 6¼ dunknown

we need to compute the LRs for all possible combinations of values
for (dsuspect, dunknown). For each value of dsuspect in [0.01,0.99], we
calculate the LRs when dunkown varies in the whole [0.01,0.99]
range. If k values are explored in [0.01,0.99], then the sensitivity
analysis yields a k � k matrix, where the columns are the values of
dsuspect varying in [0.01,0.99] and the rows are dunknown also varying
in [0.01,0.99]. One way to represent these data, is to use a heatmap
plot, as shown in Fig. 5.

Varying the drop-out probabilities separately under Hp and Hd,
results in a huge variation in the LRs, which range from 10�20

(dsuspect = 0.99, dunknown = 0.01) to 1040 (dsuspect = 0.01, dun-

known = 0.99). It is essential therefore to report an interval of LRs,
corresponding to the most reasonable values of the probabilities of
drop-out. The procedure followed in this study is basically the
same as that described in Gill et al. [9], except that the drop-out
estimates are determined separately for Hp and Hd. We further
describe this procedure as follows.
Table 6
Replicate and genotype probabilities under Hd for locus FGA. d1 and d2 are the

heterozygote drop-out probabilities for the victim and the suspect, respectively. d01
and d02 are the corresponding homozygote probabilities.

Victim; unknown Replicate probability Genotype

probability

20,23; 20,23 (1 � d1d2)2 2p20p23

20,23; 20,20 ð1 � d1d02Þð1 � d1Þ p2
20

20,23; 23,23 ð1 � d1d02Þð1 � d1Þ p2
23

20,23; 20Q (1 � d1d2)(1 � d1)d2 p20Q

20,23; 23Q (1 � d1d2)(1 � d1)d2 p23Q

20,23; QQ ð1 � d1Þ2d02 pQQ

20,23; QQ0 ð1 � d1Þ2d2
2 pQQ 0
Defining plausible ranges for the probability of drop-out via Monte

Carlo simulation

It is possible to define plausible ranges for the probability of
drop-out based on the hypothesised number of contributors (and
their profiles) and the observed number of alleles in the DNA
profile [9,19]. Gill et al. [9] suggested a maximum likelihood
approach to estimate probabilities of drop-out that maximise the
probability of observing x alleles in the sample. This can be carried
out either via exact calculations, or, via approximations using
Monte Carlo simulations (see for example Gill et al. [9], Appendix
A). Another possibility, is the use of experimental data sets. For
example, Perez et al. [19] followed an experimental approach,
where they assessed the levels of drop-out, based on large sets of
DNA mixtures obtained in different conditions. These methods
derive estimates for the drop-out probabilities, which do not rely
on the questioned sample, but rather on a population of samples
from which the crime-sample could have originated from. In this
paper, we suggest a different approach that relies on the crime-
sample itself, rather than simulated or experimental samples: the
crime-sample is re-simulated n times, at each iteration, a random
sampling of the alleles is applied, in order to select the alleles that
will drop-out from the sample. Since the true probabilities of drop-
out are unknown, different drop-out probabilities, ranging from
zero to one, are applied. The rationale behind this procedure is to
explore the range of probabilities of drop-out that could have led to
the crime-sample of interest. The simulations ultimately yield an
empirical distribution for the probabilities of drop-out, and the
most plausible values for these probabilities are the ones that lead
to the same number of alleles that are observed in the crime-
sample under investigation. The advantages of such approach, is
that the ranges of the drop-out probability can be evaluated
separately under Hp and Hd, and that we avoid reporting values of
drop-out that are supported by one hypothesis but not by its
alternative. Monte-Carlo simulations are carried out to estimate
the outcomes of dsuspect and dunknown in the range [0.01, 0.99].

Using the simumix function of the Forensim package, 10,000
two-person mixtures were simulated, where each mixture was
composed of the genotypes of the victim and the suspect under Hp,
and the victim and one unknown under Hd. The genotype of the
unknown was randomly generated by sampling alleles at their
proportions in the target population (Dutch NGM allele frequen-
cies). Once a mixture was generated, its alleles were sampled for
drop-out, using two drop-out probabilities: dsuspect and dunknown,
which vary in [0.01,0.99] (note that the probability for the victim
was set to zero for reasons previously explained). To continue the
example, each allele from the suspect has a probability 1 � dsuspect

of being recovered in the mixture, and a probability of dsuspect of
dropping out. The quantity of interest is the total number of alleles
in the sample profile, and this number is computed separately
under each hypothesis. Once the simulation procedure is carried
out, two distributions (one for Hd, and one for Hp) of the number of
alleles observed in the profile are obtained. Computing the 5% and
95% percentiles of these distributions yields plausible ranges for
the probabilities of drop-out under each hypothesis. In the
two person-mixture (Table 4), 46 alleles were recovered in the
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crime-scene sample. The following results were obtained with the
aforementioned simulation procedure:

Drop-out probabilities (percentiles)

5% 95%

Hp 0.03 0.26

Hd 0.01 0.22

Superimposing these values on the heatmap Fig. 5 narrowed
down the range of variation for the likelihood ratios to the [108,
1011] interval.
Fig. 5. Heatmap for the two-person mixture example depicting the sensitivity of the

likelihood ratio to variations in the drop-out probabilities under Hp (dsuspect) and

under Hd (dunknown). The rectangle in the lower-left corner corresponds to the most

likely ranges for the drop-out probability. LRs are given on a log10 scale.
3.2. Example 2: a three-person mixture

The analysis of LTDNA mixtures is further complicated where
there is an indication that more than two people could have
contributed to the sample. In complex mixtures, there may be
more than one ‘minor component’. A typical example would
comprise clear major and clear minor contributors. Major
contributors are non-problematic since they can all be assigned
a probability d � 0 based on an assessment of their peak heights.
Conversely all minor contributors are characterised by a drop-out
probability strictly greater than zero and lower than one. We
propose to analyse such profiles by combining the low-template
components – usually, they will not be distinguishable – into a
‘minor contributors category’. This category will often consist of
alleles belonging to unknown individuals, who contributed low
amounts of DNA to the sample. The sensitivity analysis consists of
varying the drop-out probabilities of the combined minor
contributors. To demonstrate the ‘categorical’ approach we use a
more complex mixture where at least three people have
contributed to the sample (Table 8). The case involved a female
victim and a male suspect detained by the police. A blood stain
recovered from the victim was analysed, and three replicates were
obtained from the same DNA extract that were amplified and
characterised by the SGM+ kit (Applied Biosystems). In the
following example, we applied the model to three replicates
simultaneously, and we compare the LRs obtained by the Curran
model (basic model) to the modified model, where the drop-out
probability is split between contributors (SplitDrop model).

The following hypotheses were evaluated:

-
� Hp: the victim, the suspect and one unknown person, unrelated

to them, have contributed to the mixture.
� Hd: the victim and two unknowns have contributed to the

mixture.

Note that for the three-person mixture, Hd assumes that
there maybe more than one unknown person contributing to the
crime-sample. As a consequence, in comparison to the first
example, there are more genotypic combinations to be considered
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Table 8
Case 2: A three-person mixture analysed in three-replicates. The table displays alleles one to five (A1,...,A5) and their corresponding peak heights (H1,...,H5).

Marker A1 A2 A3 A4 A5 H1 H2 H3 H4 H5

vWA 12 18 19 125 1059 913

12 18 19 199 1531 1245

12 18 19 64 1115 987

TH01 7 9.3 139 1326

7 8 9.3 317 84 2125

7 9.3 65 1119

FGA 20 23 25 26 800 85 67 616

20 22 23 25 26 1302 72 171 107 1295

20 25 26 707 55 741

D8S1179 10 14 1101 895

10 14 1647 1288

10 14 1078 679

D3S1358 14 15 16 17 18 75 1143 353 303 1034

14 15 16 17 18 58 1708 452 213 1311

15 16 17 18 1097 348 319 1099

D2S1338 18 24 25 132 658 475

18 24 25 217 984 964

18 24 25 121 838 602

D21S11 28 29 31 33.2 1305 72 1492 227

28 30 31 33.2 1626 109 1557 148

28 29 31 33.2 1059 59 1083 62

D19S433 14 15 16 925 339 914

14 15 16 1462 611 1019

14 15 16 727 421 863

D18S51 12 14 17 18 68 982 806 80

12 14 17 124 1361 1105

12 14 17 150 837 724

D16S539 11 12 13 14 822 863 109 228

11 12 13 14 1201 1192 203 269

11 12 13 14 849 954 95 129
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for the unknown contributors, which further complicates the
computation of the LR. For a three-person mixture with more than
one unknown contributor, the computational details become
complex to derive by hand and the use of a software is desirable.
Thus, the computational details are left out in this section and
further emphasis is put on the sensitivity analyses. As shown by
Eq. (4), multiple replicates are evaluated simultaneously in this
model. Once the genotypes of the unknown individuals are
derived, conditioned on the data observed in the three replicates,
the replicate probabilities can be multiplied together. However,
this is different from simply deriving the LR for each replicate
separately, and taking the product, since n replicates are
simultaneously conditioned on the genotypes of the hypothesised
contributors. From Table 8, it is reasonable to evaluate a unique
drop-out probability under Hp, since both suspect and one extra
unknown contributor can be both assigned to the ‘minor
contributors category’. The same rationale applies under Hd,
where the hypothesised two unknowns can be assigned to the
same minor contributors category. In the sensitivity analysis
carried out Fig. 6, the LRs obtained using a single drop-out
parameter for all hypothesised contributors (basic model:
dvictim = dsuspect = dunknown), is compared to LRs obtained when the
probability of drop-out for the major contributor is set to zero
(SplitDrop model: dvictim = 0, dsuspect = dunknown). Similar ranges of
variation are obtained with the two models as the LRs vary from
�107 to �1010.

Unlike the first case, the overall LR is rather unstable for this
three-person mixture, and reporting the lower bound of 107

implies a very high drop-out probability that is not supported by
the data. Indeed, a probability of drop-out of 0.97 for the suspect
implies that most of his alleles have dropped-out, which is not
supported by the peak height data. Consequently, it is desirable in
this case to obtain bounds on the probability of drop-out. This will
enable reporting ranges for the LRs that are actually supported by
the observed data, under both Hd and Hp. The plausible ranges for
the drop-out probabilities are evaluated via the same simulation
procedure explained in Section 3.1. Since all contributors in this
case either belong to the ‘minor’ or the ‘major’ category, the
simulation procedure used to determine plausible ranges for drop-
outs can be carried out with a single parameter for both the suspect
and the unknown under Hp and another single parameter is used
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for the two unknowns under Hd. Under both hypotheses, the drop-
out probability for the victim is set to zero. An average of 33 alleles
are observed across the three replicates for case 2 (Table 8). The
following percentiles for the probability of drop-out were obtained
under Hp and under Hd:

Drop-out probabilities (percentiles)

5% 95%

Hp 0.22 0.58

Hd 0.17 0.58

We superimpose these values on the heatmap of the likelihood
ratios obtained when varying drop-out probabilities under Hp and
under Hd (Fig. 7).

Note that varying drop-out probabilities under Hp and Hd led to
great variation of the LR. The LR ranges between �10�56 and �1074,
the minimum value for the LR was obtained for a drop-out
probability under Hp of 0.99 and 0.27 under Hd. The maximum
value is obtained for a drop-out probability under Hp of 0.25 and
under Hd, d = 0.99. Note that the LRs given by the SplitDrop model
(Fig. 6) can be recovered on the diagonal of the matrix plotted in
the heatmap in Fig. 7. Applying the 5–95% percentiles of the
(empirical) drop-out distribution obtained via the simulation
procedure, narrowed the range of variation of the LRs down to the
[107, 1013] interval. A lower bound of 107 could therefore be
reported for this case, when different drop-out levels are
considered under Hp and Hd.

4. Alternative models

Likelihood-ratios, closely rely on a probabilistic model that
defines how the probability of the data, conditioned on a given
hypothesis, is computed. Since there is no single true model to
evaluate the likelihood of a given hypothesis, there is no single true
LR. However, the robustness and efficiency of different models can
Fig. 7. Heatmap for the three-person mixture depicting the sensitivity analyses

when different drop-out probabilities are explored under Hp and under Hd in the

[0.01,0.99] interval, using the categorical model (major/minor). The rectangle

drawn in dashed lines shows the bound of the log10 LR when the ranges for the

drop-out probabilities are reported.
be discussed and tested on large sets of complex LTDNA cases [20].
Another way to assess the robustness of the yielded LRs, is to
compare the LRs from different models. We compared the LRs
given by the SplitDrop model to the LRs obtained via the LikeLTD
program provided by Balding [14]. This program generates LRs
based on the maximum likelihood principle: using a simulation
annealing algorithm, the program (written in the R language)
determines the drop-out probabilities, among other parameters,
which maximise the probability of the evidence per locus. The
search for the maximum likelihood estimates is carried out
separately for Hp and for Hd (analogous to the SplitDrop model
principle except that the final LR is the ratio of the maximum
likelihoods). In the following sections, the LRs per locus for the
two- and the three-person mixtures, were evaluated and
compared using the two models. The possibility of allele drop-in
was ignored in both models, and the u correction was set to 0.02.

4.1. Two-person mixture case

The likelihood ratios obtained via the exploratory approach of
the SplitDrop model, described previously, were compared to the
LR values obtained via the LikeLTD model. The drop-out values
used to carry out the comparison between the models is shown in
Table 9, and the results of the comparison of the LRs are shown in
Table 10.

The two models rely on different statistical approaches, but we
show that the LRs are comparable and this gives confidence
that the results are not ‘over-dependent’ upon the modelling
assumptions.

4.2. Three-person mixture

The same comparison between the exploratory SplitDrop
model and LikeLTD was carried out for the three-person mixture
case previously analysed in Section 3. The results of the
comparison of the LRs are shown in Table 12 and the drop-out
probabilities used in each model are given in Table 11.

Table 12.
The difference between the LRs obtained with both models was

more pronounced for the three-person mixture, with a difference
of three units (on the log10 scale). Lower LRs were obtained with
the exploratory approach, due to the difference in the estimated
drop-out probabilities. In fact, greater differences between the
models were to be expected for the three-person mixture than for
the two-person mixture. Indeed, in the exploratory model, the
suspect was a minor contributor. In the LikeLTD model, the drop-
out probabilities estimates are simulated in order to maximise the
probability of the data under the defence and prosecution
hypotheses, we can therefore expect lower drop-out values under
Hp, because most of the suspect’s alleles are recovered in the crime-
sample. The comparison shows that the LRs can differ greatly
between models. The differences are due to the underlying
methods used to generate the likelihoods of the evaluated
hypotheses. Although the probabilistic models underlying the
SplitDrop and the LikeLTD models are conceptually similar, their
implementation differs in several ways. While the LRs obtained
with the LikeLTD model correspond to ratio of the maximum
Table 9
Summary of the estimates for the drop-out probabilities obtained by the SplitDrop

model and the LikeLTD model.

SplitDrop model LikeLTD model

dvictim 0 0

dsuspect 0:03; 0:26f g 0.072

dunknown 0:01; 0:22f g 0.052



Table 12
Likelihood ratios for the three-person mixture obtained via different models. The

values of LRs obtained via the exploratory approach are displayed (on the linear

scale) next to the LR yielded by the maximum likelihood method of the LikeLTD

program (version 4.1). Note that LR5% (resp. LR95%) correspond to the LRs computed

with the 5% (resp. 95%) quantile of d estimated via the Monte Carlo simulation

procedure. The u value is taken in both models as 0.02.

SplitDrop model LikeLTD model

LR5% LR95% LR

vWA 30 25.26 44.96

TH01 3.05 1.64 6.47

FGA 3.48 1.13 10.88

D8S1179 7.44 4.31 5.82

D3S1358 2.09 2.69 14.25

D2S1338 8.51 6.74 4.75

D21S11 8.41 3.11 32.92

D19S433 3.73 5.45 2.85

D18S51 14.38 11.22 9.94

D16S539 12.87 20.03 36.08

Overall LR 2.44 � 108 1.39 � 107 4.8 � 1010

Table 10
Likelihood ratios obtained via different models. The values of LRs obtained via the

SplitDrop model are displayed (on the linear scale) next to the LRs yielded by the

maximum likelihood method of the LikeLTD program (version 4.1). Note that LR5%

(resp. LR95%) correspond to the LRs computed with the 5% (resp. 95%) quantile of d

estimated via the Monte Carlo simulation procedure. The u value is taken in both

models as 0.02.

SplitDrop model LikeLTD model

LR5% LR95% LR

D10S1248 5.19 4.87 7.70

vWA 8.46 6.74 4.53

D16S539 4.50 3.10 6.97

D2S1338 29.18 27.35 12.96

D8S1179 53.45 50.11 50.58

D21S11 10.80 10.13 12.51

D18S51 14.99 10.75 7.67

D22S1045 2.01 2.15 3.82

D19S433 6.33 5.93 6.95

TH01 18.27 17.13 16.82

D2S441 26 24.38 23.73

D3S1358 3.62 3.10 5.11

D1S1656 14.24 8.56 13.95

D12S391 1.37 7.35 8.08

FGA 0.28 1.18 1.48

Overall LR 5.88 � 1012 1.85 � 1013 2.43 � 1013
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likelihoods obtained under each hypothesis, the SplitDrop model
(implemented in the LRmix module, see Section 5) considers
ranges of drop-out probabilities that do not necessarily correspond
to the highest likelihoods for each of the evaluated hypotheses.
Another difference resides in the correction used for the
homozygote drop-out probability. Balding [14] uses a correction
based on the logistic model of Tvedebrink et al. [21], the
homozygote drop-out is defined as d0 = d � 2�4.35/
(1 + d � (2�4.35 � 1)), while in our model, d0 = d2. Our correction
gives higher homozygote drop-out probabilities, which can lead to
important differences in the LRs, for instance if the suspect is a
homozygote and a drop-out is observed under Hp, for a drop-out
probability of 0.58 (95% percentile suspect drop-out, Table 11), our
correction gives a homozygote drop-out probability of 0.33,
against 0.063 for LikeLTD. Also note that LikeLTD corrects for size
bias, while the SplitDrop model does not.
Table 11
Summary of the estimates for the drop-out probabilities obtained by the SplitDrop

and the LikeLTD models, under Hp and Hd. For the LikeLTD model, estimates are

given per replicate and per contributor, for the SplitDrop model, the same drop-out

probabilities are used for all three replicates.

Contributor SplitDrop model LikeLTD model

Drop-out probabilities under Hp

Victim 0 dRep1 = 0.0001

– dRep2 = 0.0001

– dRep3 = 0.001

Suspect 0:22; 0:58f g dRep1 = 0.0085

– dRep1 = 0.0081

– dRep1 = 0.024

Unknown 0:22; 0:58f g dRep1 = 0.55

– dRep2 = 0.54

– dRep3 = 0.78

Drop-out probabilities under Hd

Victim 0 dRep1 = 0.011

– dRep2 = 0.008

– dRep3 = 0.034

Unknown 1 0:17; 0:58f g dRep1 = 0.045

– dRep2 = 0.034

– dRep3 = 0.0015

Unknown 2 0:17; 0:58f g dRep1 = 0.74

– dRep2 = 0.68

– dRep3 = 0.89
Although a given model could have appealing properties for a
particular application, when compared to another model, it is
important to stress that there is no method better than another.
However, the choice of a model must be guided by its
performances and its robustness using real cases [13]. These
principles are important to consider, and they will be expanded
and explained further in future work.

5. Implementation and availability

The basic and the SplitDrop models were written in the R
language. The heatmap plots were generated with the myImagePlot

R function available from http://www.phaget4.org/R/image_ma-
trix.html. The basic model has been made available within the
LRmix module of the Forensim package (version 3.0) [18,22] for the
R statistical software [17]. LRmix is a user-friendly graphical
interface, which allows the computation of LRs for any number of
contributors (known and unknown). Users can import their data
files, for the crime-sample profile and the hypothesised con-
tributors, as well as their own allele frequencies. The sensitivity
plots can also be performed and the results stored in Excel files.
Forensim was used to generate all the figures in this paper. The
underlying R code of the LRmix module has been checked
extensively but comes with no guarantee of accuracy under the
GNU general public license (version � 2).

6. Discussion

In this paper, we extend the model of Curran et al. [8] to
complex DNA mixtures, with different levels of contributions
(major and minor components). By incorporating the probabilities
of drop-out and drop-in in the evaluation of likelihood ratios, this
probabilistic model offers a flexible framework in which the
uncertainty that lies within the data can be explored. Whereas the
drop-in probability is straightforward to estimate from negative
controls [9], the drop-out parameter is more difficult to assess. The
possibility of investigating the effect of the drop-out parameter on
the LRs is thus an appealing feature of the model. The SplitDrop
model allows greater flexibility in the evaluation of likelihood
ratios, and the uncertainty in the data can be explored by means of
graphical sensitivity analyses. A significant difference, with Curran
et al.’s model, is the possibility of applying different probabilities of
drop-out to different contributors. The comparison of a single
generalised drop-out parameter to one parameter by contributor

http://www.phaget4.org/R/image_matrix.html
http://www.phaget4.org/R/image_matrix.html
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did not lead to important differences in the likelihood ratios.
However, varying the probabilities of drop-out between the two
hypotheses, Hp and Hd, led to dramatic changes in the LRs, this
shows that the chosen values for the probabilities of drop-out are a
very critical part in the implementation of the model in casework.
We suggested the use of Monte Carlo simulations to derive
plausible ranges for the probability of drop-out, which narrows
down the range of variation of the likelihood ratios.

Our model allows in principle, the use of any value for the drop-
in probability. However, the approximations used in this paper
(and those derived in the mathematical formalization in Supple-
mentary Section I) assume that the drop-in levels are low, possibly
in the order of one to five percent. In practice, we suggest the levels
of drop-in should be estimated from negative controls [16].
Internal validation of the NGM STR system (Applied Biosystems) at
the Netherlands Forensic Institute showed that drop-in levels were
extremely low even with LTDNA samples. Observations at the
higher range of 5% were only obtained when techniques were
employed to increase the sensitivity of analysis (such as increasing
the number of PCR cycles). Consequently, if several extra
(unexplained) alleles are observed, then it is preferred that an
extra contributor should be considered in the formulation of the
hypotheses [9]. The drop-in parameter is not intended to deal with
multiple drop-in events.

Ideally, any probabilistic model used for the calculation of
likelihood ratios, should rely on all available data. In principle,
models that use peak heights extract more information from the
epgs than the qualitative model discussed in this paper, and it is
expected that they would yield higher likelihood ratios. However,
quantitative models rely on distributional assumptions and
parameters that depend on the STR system in use. Hence a
necessary step before the implementation of such models, is the
analysis of the stochastic variation in single-source and mixed DNA
samples, such studies were carried out for example by Bright et al.
[23] and Perez et al. [19]. The results from these studies give
valuable insight into the nature of variation of the peak heights, but
each laboratory has to conduct these experiments in order to
characterise the variability of the peak heights according to the
laboratory own standards and practices. Ultimately, the perfor-
mance of these models have to be assessed on both high and low-
template DNA samples. For the latter, robustness studies are still
needed to assess the performance of quantitative models when the
stochastic effects are exacerbated.

Another aspect that is important to consider in all models, is the
homozygote drop-out. The correction for homozygote drop-out
used throughout the paper follows a probabilistic logic, the drop-
out of a homozygote is equivalent to the drop-out of two
heterozygote alleles. However, as pointed out by [10], homozygote
drop-out can occur, and still a signal can be detected. Tvedebrink
et al. [24] have discussed the issue of the a correction and the
authors show that a = 0.5 underestimates the homozygote
probability of drop-out. However, in this study the true homozy-
gote distribution of drop-out, which was determined via simula-
tion, depends on the underlying simulation model used to generate
the peak heights intensities. Although the a = 0.5 correction seems
inappropriate, it is not clear how these results can be extended to
casework samples without the analysis of large number of cases. In
fact, a key issue in modelling homozygote drop-out, is under-
standing the relationship between the number of template DNA
molecules and the peak heights intensity: how does the peak signal
vary if double the number of molecules are detected? The answer
depends on the machinery used and the standards in place. PCR
simulation models such as those described in Gill et al. [13] and
Weusten and Herbergs [25] can help understand homozygote
drop-out, and serve as a fist step in designing experiments that will
lead to establishing amore satisfying relationship than d0 = d2.
To conclude, we would like to point out that likelihood-ratios
rely on the model used to generated them, and we showed that an
alternative model (LikeLTD) leads to different results with complex
cases. Although different models can prove useful in different
contexts, it is important for each forensic laboratory to derive their
own guidelines and justify their choice of particular approach over
another [16]. The exploratory approach of the basic and the
SplitDrop models discussed in this paper can serve such a purpose.
Although the two models yielded similar results on the two
mixtures analysed in this paper, we advocate the use of the
SplitDrop model, because it is more powerful and flexible, and
enables a thorough exploration of the cases under each hypothesis.
Establishing this basic qualitative model allows evaluative
comparison with more complex models such those developed
by Cowell et al. [26] and Perlin et al. [7]. The next step will be to
carry out comparative studies and to discover limitations of
modelling assumptions by carrying out extensive test of robust-
ness. Availability in an open-source platform ensures transparency
of the underlying code and guarantees the possibility to all users to
test the robustness of the model.
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SUPPLEMENTARY MATERIAL

I. Mathematical formalization
of the model
1. Model definition

In the main body of this paper we have described (by means of generic
examples) the evaluation of likelihood ratios based on the qualitative data
available from DNA profiles, namely the set of observed peaks. This evalu-
ation is based on a model that was first described in Curran et al. [1], but
the treatment of drop-out is not the same as in that article. Indeed, in [1]
any allele that is present in the genotypes of at least one of the contributors
drops out with probability D and does not drop out with probability 1−D.
We have modified this to take into account homo- and heterozygosity and
different drop-out probabilities per contributor. In the main body, this was
illustrated on practical cases, without specifying the underlying probabilistic
model. This specification is what we will do in this section by providing a
general formula for the probability of observing a given allele a, conditioned
on the genotypes of the contributors under a hypothesis H as well as on their
drop-out probabilities. We will also point out that by doing so we actually
define a probability space, since the sum of the probabilities of observing any
specific outcome is one. We also illustrate in this section how good approx-
imations can be obtained by hand. Let us also mention at this point that
the formalization that we propose here treats drop-in in a different way than
Curran et al. [1].

We will assume that all the loci that we consider can be treated indepen-
dently of each other. Hence, suppose that we work on locus L, with allelic
ladder L = {a1, . . . , at}. We need to define, for every allele ai on the allelic
ladder, the probability of observing allele ai in the crime-sample profile. We
assume that the number of contributors to the trace is known and equal to
n ≥ 1. Furthermore, we suppose that the donor’s genotypes are all known
and equal to g1 = (a1,1, a1,2), . . . , gn = (an,1, an,2). Finally, we suppose that
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for contributor i, there is a number 0 ≤ di ≤ 1 and a number 0 ≤ Di ≤ d2i ,
which we call the heterozygous, respectively homozygous, drop-out proba-
bility for contributor i. di and Di are defined in the following way: if the
crime-sample has a unique contributor i (with the same amount of DNA as
in the actual sample), then the probability to observe ai,1 would be 1− di if
ai,1 6= ai,2 and 1 −Di if ai,1 = ai,2. Hence, di represents the probability, for
each heterozygous allele, that it drops out and Di represents the probability
that a homozygous allele would drop out.

We now return to the original situation with n contributors with known
genotypes and drop-out probabilities for each. Let ni,a be the number of
alleles that contributor i has of type a. Thus, 0 ≤ ni,a ≤ 2. Let R represent
the DNA profile obtained from the crime-sample. Recall that we view R as
a random subset of L: it contains the alleles that have been detected as the
result of a stochastic process. Thus, R is a random variable taking values in
the subsets of L and we can now define its probability distribution.

For each a ∈ L, we can now define the probability that it appears in
the DNA profile. For convenience, we consider n as fixed (or clear from the

context) and summarize ~g = (g1, . . . , gn) and similarly for ~d and ~D.

P (a /∈ R | ~g, ~d, ~D) =
∏

i:ni,a=2

Di ·
∏

i:ni,a=1

di, (1)

where the empty product equals 1 by definition.
To arrive at the probability that R is a specific subset of L, we use (1) as

follows. For a subset R ⊂ L, we have

P (R = R | ~g, ~d, ~D) =
∏
a∈R

P (a ∈ R | ~g, ~d, ~D) ·
∏
a/∈R

P (a /∈ R | ~g, ~d, ~D). (2)

This defines a probabilistic model, since∑
R⊂L

P (R = R | ~g, ~d, ~D) = 1. (3)

1.1. Uncertainty

In (2), the probability is conditioned on the genotypes of the contributors,
and on their drop-out probabilities. In reality of course we do not know these.
However, if we instead have a joint probability distribution for the number
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of contributors N, their genotypes G1, . . . , Gn and their drop-out probabilities
di, Di, then integrating over this distribution yields other probabilities of in-
terest such as P (R = R | N = 2, G1 = g1), the probability that the sample’s
DNA profile (or rather, the set of detected alleles) is equal to R given that
there are two contributors (one of whom has genotype g1 and the other un-
known) and a joint probability distribution for the drop-out probabilities of
each contributor and the genotype of the second contributor.

In all our applications we consider the Gi as independent from each other
and from the drop-out probabilities, and let P (Gi = g) be the population fre-
quency of genotype g. However, the treatment of related contributors is not
conceptually more challenging, only practically so. We will also assume that
the number of contributors is specified exactly by the hypotheses for which
we compute a likelihood ratio. Again, strictly speaking this is not necessary:
for example, one may define a joint probability distribution such that the
DNA profile is most likely to be obtained if it has a small number of con-
tributors with small drop-out probability or a higher number of contributors
with higher drop-out probabilities.

1.2. Multiple replicates

If several DNA profiles have been generated from the same trace, then
one can extend the model (2) in various ways. The simplest and in our
opinion also the most natural way, which we have therefore adopted in this
paper, is to model each replicate as conditionally independent of all other
replicates, given the contributors’ genotypes and drop-out probabilities. In
that case, the k-th replicate is modelled by random variable Rk and the Rk
are independent, identically distributed copies of R. Thus
P (R1 = R1, . . . , Rk = Rk | ~g, ~d, ~D) =

∏k
j=1 P (R = Rj | ~g, ~d, ~D).

1.3. Drop-in

In the illustration section of this paper, an approximation is used, based
on Curran et al. [1], in order to account for the possibility of drop-in. In this
section, we provide a justification for such approximation and demonstrate
that it is a good estimate for the exact probabilities.

Note that according to (1), P (R = R | ~g, ~d, ~D) = 0, unless R ⊂ ∪i{ai,1, ai,2},
i.e., the DNA profile obtained from the trace can only contain alleles present
in at least one of the contributors. One may wonder whether it is necessary to
refine this model such that there is a non-zero probability for an allele to be in
R even when none of the contributors have it. We will do so below since it is
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a recurring feature in the literature. However, it can also be argued that such
an extension of the model is not always necessary. It first has to be defined
exactly what is meant by a drop-in, in this paper we follow the definition
of the DNA commission for drop-in [2]: allele drop-in is a “ Contamination
from a source unassociated with the crime stain manifested as one or two
alleles”. But in any definition the drop-in alleles ultimately come from some
human individual, usually one of no criminological interest. In case there are
several replicates, there is a difference between this uninteresting low-level
contributor being present in the sample itself or not. If so, one may simply
add to the contributors ‘of interest another contributor (or, possibly, even
several) with a very high drop-out probability. For example, one may believe
unprofessional handling of the sample during its collection may have added
tiny amounts of DNA of a police worker to the sample, in which case the
extra individual will be fixed (but unknown) throughout. As a consequence
no more than two drop-in alleles can be explained by this model. If on the
other hand, we think of a drop-in as the result of a random selection from the
allelic population, dropping in from the air (e.g. plastic-ware), then we may
see no reason to expect the drop-in alleles to be correlated over the various
replicates, and model each replicate with a new extra individual. In that
case one can also explain at most two alleles per locus per extra individual.

To take drop-in into account without having to resort to extra individuals,
but still taking allele frequencies into account, we propose to modify (1) into

P (a /∈ R | ~g, ~d, ~D) = (1− cpa)
∏

i:ni,a=2

Di

∏
i:ni,a=1

di, (4)

where 0 ≤ c ≤ 1. In this case as well, by applying (2) to this model (4), we
retain the property (3) that we are working within a model where the sum
of the probabilities of obtaining each of the possible subsets of L equals one.

But now, for an allele a that none of the contributors possesses, i.e.,
ni,a = 0 for all i, we have P (a ∈ R | ~g, ~d, ~D) = cpa. So, for n = 0 and c = 1

we obtain that the probability P (a ∈ R | ~g, ~d, ~D) = pa and the expected
number of drop-in alleles in that case is equal to one. However, any number
of drop-in alleles has nonzero probability of occurring.

1.4. Likelihood ratios

The drop-in model (4) yields likelihood ratios

LR =
P (R = R | Hp)

P (R = R | Hd)
.
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Such a likelihood ratio is a function of allele frequencies, the drop-out prob-
abilities of the contributors and the drop-in variable c. Since c is very small,
it is convenient to write the likelihood ratio as a power series

LR =
∞∑
i=0

h0 + h1c + h2c
2 + ..., (5)

in the drop-in variable c, since it then suffices to compute only the first few
terms hi to reach a good approximation to the likelihood ratio. To calculate
these coefficients hi, we note that the likelihood ratio is obtained as the
quotient of two probabilities, each of which we can write as a power series in
c with the equation (4): let

P (R = R | Hp) =
∞∑
i=0

fic
i (6)

and

P (R = R | Hd) =
∞∑
i=0

gic
i, (7)

then

LR =
f0 + f1c + f2c

2 + . . .

g0 + g1c + g2c2 + . . .
.

We can now obtain the coefficients hi (which will be functions of the drop-out
probabilities and allele frequencies) from

∞∑
i=0

hic
i =

∑∞
i=0 fic

i∑∞
i=0 gic

i
⇐⇒

∞∑
i=0

fic
i = (

∞∑
i=0

gic
i)(
∞∑
i=0

hic
i)

by working out the product on the right hand side and comparing coefficients.
This yields

fi =
i∑

k=0

gkhi−k,

from which the hi can be obtained recursively. In particular the first few
coefficients are

h0 =
f0
g0
, (8)
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h1 =
f1g0 − g1f0

g20
, (9)

h2 =
f2g

2
0 − f1g1g0 + f0g

2
1 − f0g2g0

g30
. (10)

Hence, we have the following expressions for the likelihood ratio:

f0
g0

+ O(c),

f0
g0

+
f1g0 − g1f0

g20
c + O(c2),

and

f0
g0

+
f1g0 − g1f0

g20
c +

f2g
2
0 − f1g1g0 + f0g

2
1 − f0g2g0

g30
c2 + O(c3),

where O(ck) denotes terms that only involve powers of c that are of order k
or higher.

Because the model is quite crude and we suppose that c is very small,
there is limited interest in the higher order terms, and we will only consider
the approximation

LR =
f0
g0

+
f1g0 − g1f0

g20
c + O(c2). (11)

From this we see that if f0 = 0, meaning that under Hp a drop-in allele
is needed in order for the replicate to have nonzero probability of being
observed, then we obtain

LR =
f1
g0
c + O(c2). (12)

This means that we need only to compute the terms f1 and g0, which corre-
spond (respectively) to the probability of the replicate being observed under
Hp if one drop-in allele has been observed, and the probability of the replicate
being observed under Hd without a drop-in allele having been observed.
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2. Illustration

2.1. Case B

We illustrate the principles exposed above with the example in Figure 1-
B. In this case, R = (9), only allele 9 has been observed in the crime-sample
(we do not take the peak into account that is visible at allele 10 but is below
the detection threshold), and there is a suspect whose genotype is (9, 10). We
write pi for the allele frequency of allele i. Since a drop-in allele is needed
neither under Hp nor under Hd, it is clear that the LR will depend only very
weakly on c. Therefore the most appropriate approximation to it would be

LR ≈ f0
g0
,

which amounts to the LR obtained with c = 0. This can be calculated easily.
Indeed, under Hp the donor’s genotype is known and yields the observed
replicate with probability f0 = d(1 − d) in the absence of drop-in, whereas
under Hd the contributor needs to have allele 9, and we obtain g0 = p29(1 −
d2) + 2p9(1− p9)d(1− d), hence

LR =
d

p29(1 + d) + 2p9(1− p9)d
+ O(c),

which is the same as in Table 2 (taking d′ = d2).
However for illustration purposes, we now compute the LR up to first

order of c.

2.1.1. Under Hp

Under the hypothesis Hp, the trace has one contributor, namely the sus-
pect, whose drop-out probability for a heterozygous allele is d.

It follows from the application of the drop-in model (4) that

P (9 ∈ R | Hp) = 1−d+dcp9, P (10 /∈ R | Hp) = (1−cp10)d, P (x /∈ R | Hp) = 1−cpx,

where x /∈ {9, 10}. Hence,

P (R = (9) | Hp) = (1− d + dcp9)d(1− cp10)
∏

x/∈{9,10}

(1− cpx).

An algebraic manipulation, collecting power of c, yields

P (R = (9) | Hp) = d(1− d) + d(d + p9 − 1)c + O(c2).

If c = 0 we retrieve P (R = (9) | Hp) = d(1− d).
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2.1.2. Under Hd

Under Hd, the trace comes from an unknown contributor U with het-
erozygous drop-out probability d, homozygous drop-out probability d′ = d2,
whose alleles are drawn at random from the population according to the allele
frequencies. Note that we take the drop-out probability for a heterozygous
allele to be the same as it was under Hp, which is not necessary but seems
reasonable and simplifies the computation. The assumption d′ = d2 is also
made for such reasons. We have, abusing our notation somewhat,

P (R = (9) | Hd) =
∑
(xy)

P (R = (9) | Hd, U = (xy))P (U = (xy) | Hd).

Now, according to the drop-in model, and analogously to what we found
under Hp, it is not hard to see that

P (R = (9) | U = (9, 9), Hd) = (1− d2 + cp9d
2)
∏
x6=9

(1− cpx)

= 1− d2 + (d2 + p9 − 1)c + O(c2),

P (R = (9) | U = (9, a), Hd) = (1− d + cp9d)d(1− cpa)
∏

x/∈{9,a}

(1− cpx)

= (1− d)d + d(d + p9 − 1)c + O(c2),

P (R = (9) | U = (a, b), Hd) = cp9d
2 + O(c2),

where a, b are alleles different from 9.
Summing over the possible genotypes yields P (R = (9) | Hd).

2.1.3. Likelihood ratio

Putting everything together, we get (after an algebraic manipulation)

LR =
P (R = (9) | Hp)

P (R = (9) | Hd)
=

d

p9(p9 − d(p9 − 2))
+

d2(d(p9 − 1)2 − p29)

p9(d− 1)(p9 − d(p9 − 1))2
c.

In the below Figure 1, we plot for c = 0 and c = 0.1, and p9 = 0.11
the likelihood ratio as a function of d. The dotted lines represent the above
linear approximation, whereas the red lines correspond to the exact solution
based on (4). We notice that the linear approximation is very good for small
values of d, but as d→ 1, it diverges from the exact solution.
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Indeed, as d→ 1, the contributor’s alleles cannot be detected any more,
hence the observed allele must be a drop-in, and cannot be informative about
Hp and Hd any more.

Looking at our expression as the likelihood ratio as a power series (5) in
c, this behaviour is understandable. Indeed, in (7) the term g0 contains a
factor (1 − d), whereas the terms fi in (6) for i > 0 do not. Therefore, all
coefficients hi except h0 will have a pole at d = 1, meaning that the series
does not converge any more; and for d sufficiently close to one, more terms
would be needed.

0.0 0.2 0.4 0.6 0.8 1.0
0

1

2

3

4

5

Figure 1: Exact LR and linear approximation (dotted) in c, for c = 0 and c = 0.1. For
c = 0, the curves coincide. For c = 0.1, the approximation is best for small d.

2.2. Case C

We now turn to the case C (Figure 1-C), where R = (7, 9) and the suspect
is the same as in Case B, having genotype (9, 10). Therefore, if the suspect
has to explain the trace (i.e., under Hp), a drop-in allele is needed. If we
write P (R = (7, 9) | Hp) =

∑∞
i=0 fic

i and P (R = (7, 9) | Hp) =
∑∞

i=0 gic
i, we

have f0 = 0 and therefore we can write, as first order approximation,

LR =
f1
g0
c + O(c2).
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This is easy to compute, since f1 corresponds to the situation where there
is one drop-in allele under Hp (which must be allele 7) and g0 corresponds
to the situation where there is no drop-in allele under Hd, and therefore the
donor of the trace must be of genotype (7, 9). Thus, f1 = p7d(1 − d) and
g0 = 2p7p9(1− d)2, and therefore

LR =
d

2p9(1− d)
c + O(c2). (13)

For small c, this will be a satisfactory approximation to the likelihood
ratio; but for illustration purposes we briefly indicate how to obtain the
second order approximation

LR =
f1
g0
c +

f2g0 − f1g1
g20

c2 + O(c3).

We are therefore going to compute the terms f1, f2, g0, g1.

2.2.1. Under Hp

Along the same lines as for case B, we get

P (R = (7, 9) | Hp) = cp7(1− d + dp9)d(1− cp10)
∏

x/∈{7,9,10}

(1− cpx).

This yields

f0 = 0, f1 = p7d(1− d), f2 = dp7(p9 + (1− p7)(d− 1)).

2.2.2. Under Hd

As for case B, here we need to compute the probability to observe R =
(7, 9) for every possible genotype of the donor separately. Since we are only
interested in the terms with at most one drop-in allele, we need only consider
those genotypes that involve allele 7 or 9. Of these genotypes, (7,9) is the
only one where no drop-in is needed, from which we see that, as has been
already mentioned,

g0 = 2p7p9(1− d)2.

To compute g1, we reason among similar lines as for case B. This yields, after
straightforward algebraic manipulations,

g1 = (d− 1)p7p9(2− 3p7 − 3p9 + 3d(−2 + p7 + p9)).
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For the LR, this means that

LR =
f1
g0

+
f2g0 − f1g1

g20
c2 + O(c3)

=
d

2p9(1− d)
c +

d(−p7 − p9 + d(−4 + p7 + 3p9))

4(d− 1)2p9
c2 + O(c3). (14)

2.2.3. Evaluation

To verify in which range of d the approximations are good enough, we
plot the likelihood ratio as a function of d for c = 0.01 and c = 0.1 calculated
according to three choices: (1) the first order approximation (13), (2) the
second order approximation (14) and (3) the exact likelihood ratio according
to the drop-in model.

The results are in the Figure below.

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.5

1.0

1.5

2.0

2.5

Figure 2: Linear (black) and quadratic (blue) approximations to the LR as well as exact
LR (red) for c = 0.01 (lower three lines) and c = 0.1 (upper three lines).

Note that for small drop-out probabilities, the exact likelihood ratio al-
most coincides with both approximations and the LR can be very well esti-
mated as f1/g0c, which can be easily calculated by hand. For large d how-
ever, the first order approximation keeps growing whereas the second order
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approximation yields absurd results, i.e., negative likelihood ratios. This is
due to the fact that g0 contains a factor d− 1 which persists in all the hi for
i > 0. Using the exact likelihood ratio, we see that it tends to one as d→ 1.
Indeed, if drop-out is certain, then the profile must be the result of a drop-in
and cannot be informative about hypothesis that state its contributor.

2.2.4. Comparison to Curran model

Finally, we compare the likelihood ratio as obtained in Table 3, to the
exact likelihood ratio calculated according to (4). The result is, for c = 0.1,
presented in the Figure below, from which it is clear that for small values
of d the likelihood ratios almost coincide, but for large d the likelihood ratio
obtained from Table 3 (obtained from the Curran model) tends to slightly
overestimate the evidence.
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1.0

1.5

2.0

Figure 3: Exact (red) and Curran’s LR (blue, dotted) for c = 0.1.

2.3. Evaluation

From these examples it is clear that model (4), which is easy to program
into a computer and is a consistent probabilistic model, can also be used
to obtain good approximations to the exact likelihood ratio which can be
done by hand. Indeed, in Case B (where no drop-in event was needed under

12



Hp, the approximation f0/g0 is very satisfactory for small d. Similarly for
case C, where one drop-in event is needed under Hp and none under Hd, the
approximation f1/g0c is very satisfactory. Since the terms f1 and g0 are very
easy to obtain, a good approximation to the likelihood ratio can be obtained
without much effort.

Finally we also observe that the exact likelihood ratios computed with
(4) are, in the examples Case B and Case C, well approximated by the
expressions obtained in the main body of the article based on the formulas
from Curran et al. However, since for Case C we have observed that the
latter formulas can overestimate the LR, it would be advisable to perform
the exact calculation, especially for elevated drop-out probabilities.
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II. Supplementary Figures
Case B
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Figure 4: Effect of drop-in on the probability of the evidence under Hp for case B. The
drop-in probability c varies in {0, 0.01, 0.05}.

As shown in Figure 4, the sensitivity analysis under Hp yields a bell-
shaped curve and it is symmetric, the maximum value is reached for d = 0.50,
when drop-out and non-drop-out are equally likely. If drop-out decreases
below 0.5, this means that the evidence points away from the heterozygote
profile of the suspect, the same thing happens if we increase d above 0.5, the
heterozygote genotype is no longer supported. Incorporating the c parameter
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for drop-in decreases the probability of seeing the evidence if the heterozygote
suspect contributes to the sample. When comparing the dashed lines (drop-
in) to the solid line (no drop-in), the drop-in parameter c acts like a scaling
factor, decreasing the probability of the evidence.
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Figure 5: Effect of drop-in on the probability of the evidence under Hd for case B. The
drop-in probability c varies in {0, 0.01, 0.05}.

Under Hd, the replicate probabilities are weighted by the genotypic prob-
abilities1. As shown under Hp, increasing the drop-in probability render the

1Which is also the case under Hp, except that in this single-source case, there are no
unknowns under Hp, and hence the genotype probabilities are always 1.
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heterozygote genotype less likely. Conversely, if drop-in is more likely, then
genotypes such as QQ, and QQ′, have a higher probability, this will inflate
the likelihood under Hd, compared to the case where c = 0. Taking the ratio,
we see why the LR decreases when c increases.

Case C

In this case, we need to incorporate the drop-in parameter in order to
explain the sample profile (see Figure 1-C). Under Hp, there is one drop-out
(allele 10) and one drop-in (allele 7). The sensitivity plot under Hp is shown
in Figure 6.
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Figure 6: Effect of increasing the drop-in on the probability of the evidence under Hp for
case C. The drop-in probability c varies in {0, 0.01, 0.05}.
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The probability of the evidence is 0 under Hp if the drop-in parameter is
set to 0 (solid line), increasing the probability of drop-in yields a bell-shaped
curves, but note that the probabilities are much lower than for case B under
Hp (Figure 4).

Under Hd, the maximum probability value is obtained when d = 0.01
and c = 0 (Figure 7). This corresponds to having a random person wit
genotype 7,9 contributing to the sample (see Table 3) . The probability
tends to 0 when d tends to 1, since plausible genotypes under Hd become
less likely if drop-out decreases.
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Figure 7: Effect of increasing the drop-in on the probability of the evidence under Hd for
case C. The drop-in probability c varies in {0, 0.01, 0.05}.
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