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Abstract 
 

The interpretation of mixed DNA samples can be significantly more challenging 

than that of single source samples.  The larger number of hypotheses that need to be 

considered for mixed samples works to dramatically reduce the statistical weight that can 

be attached to single source samples.  As a direct result, testing laboratories have been 

endeavored to separate mixed samples into their component parts.  Conventional 

approaches rely heavily upon peak height ratios to use mathematically provable to 

deconvolve mixtures. 

There is no generally accepted means of attaching a reliable statistical weight to a 

mixed sample with an unknown number of contributors where allelic drop-out may have 

occurred.  The increasing sensitivity of test kits and a growing interest in law 

enforcement to collect and use samples with smaller amounts of starting material are 

contributing to a growing frequency in the number of test results where it is necessary to 

invoke allelic drop-out to include an individual as a possible contributor to an evidence 

sample.  While the absence of one or more of an individual’s alleles from an evidence 

sample would have been sufficient to exclude them as a possible contributor with 

conventional approaches, a large number of probabilistic genotyping approaches are 

emerging that aim to attach a statistical weight to inclusions even when all of an 

individual’s alleles are not detected in a sample.  These probabilistic genotyping 

approaches can be broadly divided into two categories: 1) semi-continuous approaches 

(those that utilize just the alleles that are determined to be present or absent), and 2) 
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continuous approaches (those that also utilize other features of test results such as stutter 

artifacts and intra- and inter-locus mixture ratios). 

Human experts are routinely required to explain the basis for their opinions during 

the course of criminal proceedings.  Computer-based expert systems should be held to a 

similar standard, especially when human analysts determine a test result to be unsuitable 

for interpretation.  Validation studies establish boundaries beyond which a methodology 

cannot be considered reliable – they cannot be extrapolated beyond narrowly defined 

scopes to demonstrate that an approach is fit for a wider range of purposes. 
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Introduction 
 

Short tandem repeat (STR) sequences have become the genetic markers of choice 

for the purpose of human identification in forensic investigations [1, 2, 3].  In the case of 

a high-quality, single source sample and barring the possibility of error, STR analysis can 

provide compelling statistical evidence that an observed correspondence between an 

evidentiary sample and a particular individual is very unlikely to be the result of 

coincidence [4].   

However, many evidentiary samples are comprised of mixtures of two or more 

individuals’ DNA and their interpretation can be significantly more challenging [5].  

Consider a locus where three alleles (such as the D3S1358 locus in Figure 1 with a 13, 17 

and 18 allele) are observed.  Even if it is known that exactly two persons contributed 

genetic material to this sample, six different pair-wise combinations of genotypes are 

qualitatively consistent with the observation of these three alleles: (1) 13, 13 and 17, 18; 

(2) 13, 17 and 18, 18; (3) 13, 17, and 17, 18; (4) 13, 17 and 13, 18; (5) 13, 18 and 17, 17; 

and (6) 13, 18 and 17, 18.  Interpretation becomes even more difficult when any 

assumption regarding the number of contributors to a mixed DNA sample is not made 

(e.g. the three alleles observed at the D3S1358 locus in Figure 1 could represent a 

mixture of three individuals with genotypes:  13, 13; 13, 17; and 17, 18).  Unfortunately, 



the potential for alleles to be shared between individuals limits the ability of simple 

counting techniques to correctly infer the number of contributors to mixed samples [5].  

The difficulties are compounded even more dramatically if there is a possibility that the 

information available for analysis is incomplete (for example, a 15 allele might have also 

been present in the sample that gave rise to the D3S1358 locus shown in Figure 1 but 

failed to be detected, it may have “dropped out”). 

Despite intense interest on the part of the forensic science community there is still 

no generally accepted means of attaching a statistical weight to a mixed sample with an 

unknown number of contributors where allelic drop-out may have occurred.  Because a 

number of statistical approaches can be relied upon to attach weights to single source 

samples, many testing laboratories endeavor to deconvolve or separate mixed DNA 

samples into their component parts.  Currently available deconvolution approaches are 

hampered by the uncertainties that are associated with low-level samples (e.g. 

distinguishing between signal and noise, determining the impact of stochastic effects). 

Emerging probabilistic approaches may eventually provide an alternative to the 

deconvolution of mixed samples using standard operating procedures and simple 

mathematical formulae.  These probabilistic approaches generate likelihood ratios that 

have the potential to capture uncertainties related to ranges of possible rates of drop-in 

and drop-out and can be divided into two categories: semi-continuous (relying 

exclusively on the alleles that are deemed to be present; peak height information is not 

utilized by the approach), and fully continuous (molecular biological parameters are 

incorporated such as peak height ratio, hypothetical mixture ratios, and the expectation of 

stutter artifacts). 

The computational complexity associated with fully continuous probabilistic 

approaches in particular is introducing an important, unprecedented set of challenges to 

the criminal justice system that requires careful consideration.  To date, computer 

software (be it a word processing program or a software package that converts the raw 

electronic data of a DNA profiling analysis into an easily interpreted graphical format) 

has been used simply to assist humans during the course of activities that they could have 

performed less efficiently without that assistance.  We may be on the cusp of a new era 

where computer programs take on the role of exercising judgment and arriving at 



conclusions that cannot be confirmed or replicated by human experts due to the sheer 

number and complexity of the analyses that are performed. 

 
Conventional mixture deconvolution 

The rarity of single source samples among unrelated individuals is commonly 

estimated as a random match probability (RMP) using the following equations: 

homozygotes: AiAi: Pii = pi
2 + pi(1-pi)θii [1a] 

heterozygotes: AiAj: Pij = 2pipj(1-pi)θij [1b] 

where pi and pj are the frequencies of alleles in a relevant population of alternative 

suspects and θ is an allowance for population substructure [4].  The numerous alternative 

hypotheses associated with mixed samples have a marked impact on the probative value 

of mixed evidentiary samples.  The chance of a randomly selected, unrelated individual 

not being excluded as a possible contributor to a mixed evidentiary sample (the combined 

probability of inclusion or CPI) [6,7] is arrived at with the equation: 

CPI = AiAj … An: Pij…n  = (pi + pj + … + pn)2  [2] 

where pi through pn are the frequencies of alleles in a relevant population of alternative 

suspects [6,7].  Typical RMP values for single source samples that have been genotyped 

at 13 standard CODIS STR loci are in the range of 1 in 1012 to 1050 [8] while CPI values 

for 13 locus mixed  STR genotypes where no more than four alleles are observed across 

all tested loci (and thus consistent with a two person mixture) are typically in the range of 

1 in 106 to 1010.  For example, in the case of the D3S1358 locus shown in Figure 1, the 

RMP value for “contributor 1” using a Caucasian database [9] is 1 in 192 and is 1 in 38 

for “contributor 2” as single source samples, while the CPI value for their mixture is 1 in 

7. 

The striking difference in the weight of the DNA evidence associated with single 

source and mixed evidentiary samples has motivated the development of approaches that 

attempt to elucidate the genotypes of the individual contributors from mixed evidentiary 

samples [10-17].  These existing approaches have generally attempted to formalize and 

objectify a series of ad hoc rules employed by DNA analysts tasked with assessing which 



peaks at each tested locus are associated with each other and, thereby, with individual 

contributors.  The most obvious approach to resolution involves grouping pairs of alleles 

according to their respective peak heights.  For example, in the mixture at the D3S1358 

locus in Figure 1, the heights of the 13 and 17 allele peaks are similar to each other, 

whereas the 18 allele is approximately three times greater in size.  This approach is 

ultimately based on the assumption that a pair of peaks from a heterozygote should 

contribute relatively equal amounts of DNA.  This assumption is supported in part by 

numerous validation studies [18-21] that suggest that when an individual is heterozygous 

at a locus the peak heights of the alleles tend to be within a certain percentage of each 

other (peak height balance).  An extension of this approach attempts to eliminate further 

genotype combinations from the mixture by assessing the DNA contribution ratio for all 

contributors to a sample (the mixture proportion/ratio), and then minimizing the variance 

from this ratio among all contributors across all tested loci [15, 22].  Erroneous 

assignment of peaks to contributors can occur as the result of potentially incorrect 

assumptions (e.g. peak heights are strictly additive, similar amounts of genomic template 

will yield similar peak heights, artifacts can be reliably identified, mixture ratios are 

constant across all loci) and/or complications arising from similar amounts of DNA being 

contributed by two or more individuals (in which case the correct assignment may not be 

any more likely than other potential assignments). 

The reality of mixed STR DNA profiles is that some loci cannot be resolved into 

two single genotypes by these methods because the observed electropherogram data 

provides equivalent or very similar support for two or more of the competing alternative 

hypotheses of genotype combinations that could account for all the detected alleles.  An 

approach that rests primarily upon the two principal assumptions of mixture resolution 

methods (1: that the number of contributors is known or at least explicitly hypothesized, 

and 2: that alleles from the same individual will be present at approximately the same 

intensity within a stated margin of error) can be used to provably determine which 

alternative hypotheses of genotype combinations are mathematically feasible (in light of 

peak height balance and additivity expectations) and which should be eliminated from 

consideration due to its failure to satisfy one or more objective rules.  When only a single 

combination of genotypes is supported by the underlying data, RMP calculations can be 



used to describe the rarity of those individual genotypes.  In instances where some but not 

all alternative hypotheses of contributor genotypes can be eliminated from consideration, 

a CPI-with-constrained-hypotheses value for a mixed DNA profile can be calculated. 

The ability for mixtures to be resolved diminishes when the ratio is either very 

similar (close to 1:1) or far apart (greater than 1:5).  One reason for the latter is the 

preferential amplification of major contributors.  Another reason is that for small amounts 

of template DNA, a minor contributor can be masked by or mistaken for commonly 

encountered stutter artifacts.  It may be necessary to consider certain mixtures with the 

stutter filters turned off in order to identify all possible mixture contributors.  Contributor 

peaks in stutter position may also be observed to be higher than if they were observed in 

non-stutter positions.  Care should be taken when examining such contributor profiles as 

the contribution from stutter may put the minor contributor peaks out of balance. 

The mixture resolution method outlined here is implemented in a freely-

downloadable software package called GenoStat® [28].  Once a user has entered the 

RFU values for a given DNA sample, GenoStat® performs the mixture resolution 

method as well as calculates the random match probability (RMP) for each contributor’s 

fully resolved loci, the unconstrained combined probability of inclusion (CPI), and the 

combined probability of inclusion (CPI) for constrained loci using only the contributor 

hypotheses that the resolution method has deemed plausible.  While GenoStat® makes 

the process of mixture deconvolution easier, it works only for samples where it is 

explicitly assumed that there are two and only two contributors.  The computations that it 

performs are ones that a human expert could relatively easily confirm by hand if 

necessary but that would not be the case for mixtures of three or more individuals. 

 

Probabilistic approaches 
Numerous approaches that promise to attach statistical weights to mixed samples 

where drop-out may have occurred have been put forward in the past few years.  These 

approaches take into account (and sometimes use data from evidence samples to infer) 

drop-out and drop-in rates to generate likelihood ratios between prosecution and defense 

hypotheses.  These emerging probabilistic approaches may eventually provide an 

alternative to the deconvolution of mixed samples using standard operating procedures 



and simple mathematical formulae.  Probabilistic approaches to date can generally be 

divided into two broad categories: semi-continuous (relying exclusively on the alleles 

that are deemed to be present; peak height information is not utilized by these 

approaches), and fully continuous (molecular biological parameters are incorporated such 

as peak height ratio, hypothetical mixture ratios, and the expectation of stutter artifacts). 

In conventional STR DNA profiling, where recommended amounts of template 

DNA for all contributors insure that all alleles in an evidence sample have been detected, 

it is expected that the probability assigned to the prosecution’s theory of the case is 1 

(meaning that the test results would appear as they do if the prosecution’s theory of the 

case is, in fact, correct).  The defendant’s theory of the case (typically that contributions 

from some other, randomly chosen, unrelated individuals have together given rise to what 

is seen in the evidence sample) usually has a much lower probability.  In these cases, the 

ratio of the likelihoods (with the probability of the prosecution’s theory in the numerator 

and the probability of the defense’s theory in the denominator) is essentially the 

reciprocal of the probability of the defense’s theory of the case.  If allele drop-out/in is a 

possibility (e.g. in a partial profile) then there is uncertainty in whether or not an allele is 

present in the sample – and therefore what genotype combinations are possible.  Simply 

ignoring loci where it is necessary to invoke drop-out to include an individual as a 

possible contributor to a mixed sample is a solution that brings with it a significant risk of 

producing apparently strong evidence against an innocent suspect [23]. 

In cases where it is necessary to invoke drop-out (or drop-in) for the evidence 

sample to be consistent with the prosecution’s theory of the case, the evidence is much 

less consistent with what would be expected if the prosecution’s theory was correct.  

Drop-out constitutes a failure of the carefully designed STR DNA test kits to generate a 

complete, correct result and should be expected to be a relatively rare event if the kits 

themselves are to be generally considered to be reliable.  In some instances the 

prosecution’s theory of the case could be very poorly supported by the actual test results 

yet be relatively more likely than a defense hypothesis for the same case. 

One helpful analogy might be to consider “who stole my biscuit?”  We can accept 

that it is exceedingly unlikely that Father Christmas (being a person widely admired for 



his good character) stole my biscuit.  However, it is much less likely that a unicorn 

(which are widely known to not actually exist) stole my biscuit.  The ratio of those two 

hypotheses might suggest that the prosecution’s theory is a much better explanation of 

the loss of my biscuit – unless and until we consider that alternative defense theories (e.g. 

that my brother stole my biscuit; who came up with the idea of a unicorn being involved 

in the first place?) are more consistent with the test results.  When it is necessary to 

invoke drop-out (and/or drop-in) for test results to be consistent with a prosecution’s 

theory of a case it is critically important that both the numerator and the denominator be 

fully disclosed – yet, some probabilistic approaches currently provide only the ratio of the 

two likelihoods. 

Semicontinuous probabilistic genotyping approaches 

Generally speaking, semicontinuous probabilistic genotypng approaches require a 

human expert to determine what peaks are present or absent (or “questionable”) in a test 

result.  Determining and applying a rate at which drop-out (and –in) has occurred then 

becomes the primary challenge for a semi-continuous probabilistic genotyping approach.  

First generation software approaches to deconvolution like GenoStat® avoid the issue by 

explicitly requiring that all information associated with a sample has been detected.  But 

numerous software packages have since emerged such as LoCoMotion [24], likeLTD 

(likelihoods for low-template DNA profiles) [25], FST [26], Lab Retriever [27], 

LiRa/LiRT [28], and GenoProof Mixture (Qualitype) that require a specific drop-out/in 

rate in order to generate their likelihood ratios.  For any of these approaches (including 

those that are fully continuous) a drop-out probability of 0 would translate directly to an 

outright rejection of any prosecution hypothesis for which it is necessary to posit the test 

failed to obtain complete information from an evidence sample.  By the same token, a 

drop-out probability of 1 delivers unhelpful likelihood ratios in that no one could be 

excluded as a possible contributor to a sample and all conceivable defense hypotheses 

become well-supported. 

Three general (not necessarily mutually exclusive) strategies at estimating drop-

out/in rates have emerged in currently available software: 1) inference from template 

quantitation, 2) “completeness” of the test results themselves, and 3) use of a range of 



values with preference given to those that deliver a likelihood ratio most favorable to a 

defendant.  All three strategies have proven to be controversial.  Quantitation methods do 

not perform well in ranges where drop-out/in rates are highest [29] and deliver only 

estimates of total human DNA associated with a sample (not that of individual 

contributors).  Inference of drop-out/in rates based on comparisons between evidence and 

reference profiles can be argued to be self-fulfilling and suspect-centric.  Alternatively, 

reliance on allele count and/or observation of locus drop-out will typically underestimate 

the number of contributors (especially minor contributors) to a mixture.  And, approaches 

that use a range of values must use artificial/arbitrary limits to those ranges because drop-

out/in probabilities close to 0 and 1 dramatically reduce the probative value of an 

evidence sample – which is often the objective of one of the two parties involved in 

criminal proceedings.  Layered on top of the debate regarding these different strategies is 

an on-going debate regarding the importance of using locus-specific drop-out/in rates 

rather than a single probability used across an entire test result.  That question is 

significantly complicated by consideration of the possibility that the contribution of one 

or more contributors to a mixed sample may be degraded and/or inhibited. 

Some semicontinuous probabilistic genotyping approaches such as likeLTD are 

available as open source software.  While more complicated than the calculations for a 

mathematically provable approach to deconvolution like that in GenoStat, it should be 

possible for all approaches that use estimates of drop-out/in rates to be performed by 

hand if necessary at least for two-person mixtures. 

Fully continuous probabilistic genotyping approaches 

Fully continuous probabilistic genotyping approaches endeavor to use more of the 

data associated with DNA profile test results than just the presence and absence of 

alleles.  Some approaches claim to extract and use hundreds of features to evaluate 

electropherograms though less than two dozen (which also have been the subject of 

debate among analysts for years) have been alluded to in the peer reviewed literature to 

date.  Most current fully continuous probabilistic genotyping approaches rely upon 

computationally intensive Markov Chain Monte Carlo (MCMC) analyses of the data 



associated with evidence samples.  Analyses of samples can easily take hours or even 

days to complete. 

The forensic DNA profiling community has been engaged in vigorous debate for 

many years about the most appropriate way to recognize and take into account a number 

of features that might be utilized by fully continuous probabilistic genotyping 

approaches.  Among these contentious issues is the most appropriate way to distinguish 

between signal and noise with proposed solutions ranging from: run-specific, statistically 

based limits of detection and quantitation [30]; to static limits of detection and 

quantitation [31]; to stochastic and analytical thresholds rooted in template quantities and 

sampling error considerations; to arbitrary minimum peak height thresholds.  A 

significant challenge to fully continuous probabilistic genotyping is the lack of consensus 

within the scientific community about which of a number of possible solutions is correct.  

In those instances where the forensic science community cannot be persuaded that a 

particular approach is correct, it will not be possible for a probabilistic genotyping 

algorithm that uses that approach to reasonably assert that that probabilistic genotyping 

approach itself is generally accepted.  And, if a probabilistic genotyping approach 

professes to have finally solved the difficult issue of distinguishing between signal and 

noise in DNA test results it would be irresponsible for that solution to not be shared in the 

peer reviewed literature so that it could be applied by those using conventional 

approaches to interpret test results. 

Debates similar to those regarding signal and noise continue to a greater or a 

lesser extent for many of the features of a test result that a human analyst or a continuous 

probabilistic genotyping approach might consider.  A partial list includes: the 

implications and recognition of both -4 and +4 stutter artifacts; peak height 

balance/imbalance thresholds; peak height additivity; peak height measurement 

variability; recognition of commonly encountered artifacts such as “pull-up/bleed 

through,” “spikes” and “blobs”; laboratory error rates; and intra- and inter-locus drop-

out/in rates.  It is reasonable to expect that many of these features will be highly 

correlated and that they should be given very different relative weights in different 

circumstances [32].  Probabilistic genotyping approaches will need to disclose not only 



which features are considered but specifically how they are utilized in order for them to 

achieve general acceptance. 

These on-going debates have little if any impact on the interpretation of some 

samples (e.g. unmixed, complete profiles from human remains from mass disasters or 

genocides).  Probabilistic genotyping approaches could significantly increase laboratory 

throughput by being used to characterize such samples, thereby freeing human analysts to 

focus their attention on more difficult test results (e.g. complicated mixtures with 

degradation/inhibition).  However, when human experts agree that a test result is “not 

suitable for interpretation” or “inconclusive” it is unsafe to invoke probabilistic 

genotyping approaches until all these issues have been resolved. 

Proponents of some fully continuous probabilistic genotyping approaches such as 

STRMix [33-35] and TrueAllele [36-38] have suggested that validation studies that show 

that their approaches consistently arrive at correct conclusions are sufficient to ensure the 

reliability of their approaches.  That position is at odds however with the long-standing 

expectation both in forensic science and other disciplines such as computer science that 

validation studies are primarily intended to determine the boundaries beyond which an 

approach cannot be expected to generate reliable results.  Validation results cannot be 

extrapolated to say that a methodology can generate a reliable interpretation for all 

manner of samples.  No validation study could be performed to demonstrate that a 

probabilistic genotyping approach is “fit for all purposes.”  Instead, they need to deliver 

explicit limits such as “while output for up to three-person mixtures and where 

degradation/inhibition has not occurred are correct for more than 99% of samples, this 

approach is presently not suitable for use with: mixtures of four or more individuals, 

where degradation/inhibition may have occurred, or where close relatives may have been 

contributors to a mixed sample.” 

Among the boundaries that need to be explored separately and in concert are:  the 

number of contributors to a sample (the larger the number of contributors, the more 

computationally challenging an evaluation), the degree of degradation/inhibition of the 

DNA from each of the contributors to a sample, the degree of relatedness of possible 

contributors to a sample (a random match probability for a pair of siblings to a sample 



will be much less impressive than for a pair of unrelated individuals), and the quantity of 

useful information in a test result (some samples simply will not have appreciably more 

information associated with them than negative controls and reagent blanks).  Validation 

studies with dozens or even hundreds of samples cannot suffice given that evidence 

samples come in a very wide variety (of number of contributors, degrees of degradation 

and mixture ratios) and are unlikely to be well represented in any validation work.   

It is important to note that there is no correct answer to the likelihood ratios 

generated by probabilistic genotyping approaches for any given sample.  It should not be 

surprising that two different approaches generate different likelihood ratios because they 

may be addressing different questions and they may be expressing different levels of 

confidence given the features they are evaluating.  Proponents of probabilistic genotyping 

software packages should scrupulously avoid succumbing to market pressures to have 

their programs simply “get bigger numbers.” [39] 

 

Black boxes and due process: Transparency in expert software systems 
Software has generally been used to assist the analysis of forensic evidence via 

two main routes: data visualization (such as spectrograms or electropherograms) and 

statistical calculations (such as PopStats and GenoStat®).  Both of these routes have 

served primarily to expedite the work performed by human experts during their 

evaluations of complex data sets. 

 Methods for conventional analysis of evidence such as breath alcohol or DNA 

(and even ballot counting) are widely known, take a specific set of known input values, 

and produce results that can be independently confirmed by other experts using generally 

accepted approaches.  Processes performed by humans are inherently subject to review 

by other humans.  Human experts are rightly required to testify as to the validity of their 

conclusions by revealing their underlying measurements, calculations, and approaches.  

Advances in our understanding of complex chemical and biological processes, 

statistics, and computational methods have brought us to the cusp of a new era – the 

development of expert software systems intended to evaluate evidence that cannot be 

interpreted by conventional human analysis.  Where forensic scientists might summarize 



test results as “uninterpretable” or “inconclusive,” expert software systems have begun to 

provide very definitive conclusions.  This evolution of the use of software (from 

improving workflow to actually interpreting evidence) has critically important 

implications for the criminal justice system.  

When computer software rather than human experts make decisions regarding the 

evaluation of evidence, an effective review of these software systems is required in order 

to fully evaluate the performance of the system.  Expert systems must, necessarily, 

incorporate assumptions about the operating characteristics of the tests being evaluated.  

The accuracy of the conclusions reached by these systems depends on the accuracy of 

those underlying assumptions – and their implementation.  If independent experts cannot 

identify those assumptions (ideally, by examining the underlying source code) then it is 

very difficult to assess the reliability of the expert systems.  An early proof of this point 

came from an in-depth, independent review of the source code used by the Alcotest 7110 

MKIII-C breath alcohol analyzer software (not even an expert system).  The use of this 

software as an unscrutinized “black box” allowed simple programming mistakes to go 

undetected for years. 

 Unlike human analysts who can sometimes struggle to explain how their 

approaches are objective and based on experimentally validated rules, expert systems 

have the distinct advantage of being based on source code that unambiguously details the 

exact means by which they arrive at conclusions.  If an adversary objects to some portion 

of an expert system’s approach to solving a problem, it should be possible to scrutinize 

the validation study, algorithm, or source code and to precisely identify the basis of the 

disagreement.  While it may be difficult to critically review the source code of some 

expert systems, failure to have the opportunity to review the entire basis of an expert 

computer system’s conclusions raises serious and legitimate concerns about due process.  

Lack of access in these contexts operates, in essence, as a failure to fully have the 

opportunity to understand or confront significant, perhaps even the most significant, 

evidence in a case.  Expert software systems must be held to the same standards of 

transparency that we have come to expect of human experts. 



If the source code of a black box system were disclosed, the box would be open to 

independent scrutiny.  The main justification for maintaining black box software is the 

protection of intellectual property.  Courts will need to decide whether the desire for 

secrecy (in order to protect a perceived commercial advantage) outweighs the right of 

defendants to fully examine the evidence against them. 
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Figures 
 

 
Fig. 1. Partial electropherograms of two single source samples and their corresponding 
1:2 mixture.  Allelic designations for each peak appear immediately below it with 
corresponding peak height information (in relative fluorescence units, RFUs) 
immediately below that. Locus names are in the boxes above. 


