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Overview of Lecture

• Theory (paradigms)

• Examples (Lucia, DNA mixture profile, Hariri)

• Conclusions



Theory: paradigms

• Bayes (one person statistics)

• Frequentist (two person, collaborative statistics)

• Likelihood (avoiding the issue)



Bayes’ rule

• Posterior odds 

= prior odds * likelihood ratio

• Likelihood ratio 

= Prob( data | HP ) : Prob( data | HD )

Bayesian/frequentist peaceful coexistence theorem:
{Decision theoretic admissible} = {Bayesian (for some prior)}
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Examples:
 

1. Lucia
2. forensic DNA

3. Hariri assasination



Shifts Court dataCourt dataCourt data Corrected dataCorrected dataCorrected dataCorrected data

JKZ MCU-1 incidentincident incidentincident
 Oct ’00 – Sept ’01 with without with without

Lucia
with 9 b133 b7 b135

Lucia
without 0 b887 b4 b883

RKZ-42
 Aug – Nov ’97

Lucia
with b6 b52 b5 b53

Lucia
without b9 272 10 273

RKZ-41
Aug – Nov ’97

Lucia
with 1 bb0 1 bb2

Lucia
without 4 361 4 359

Lucia: the data
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Lucia de B.
Reconstructie van een gerechtelijke dwaling 

Ton Derksen 

Lucia de B. zou zeven patiënten hebben gedood in de tijd dat zij
als verpleegster werkte. Ze kreeg de zwaarst mogelijke straf,
levenslang met TBS, een straf die niet eerder was toegekend in
Nederland en die inmiddels door de Hoge Raad als ‘juridisch
onmogelijk’ is bestempeld.

Ton Derksen, hoogleraar wetenschapsfilosofie, laat zien dat niet
alleen de straf ondeugdelijk is. Ook het bewijs is flinterdun. Het
gerechtshof in Den Haag heeft zich laten leiden door negatieve
beeldvorming, ondeugdelijk gebruik van statistiek, onjuist
geïnterpreteerde medische gegevens en een kwaadwillende lezing
van het dagboek van Lucia de B. Feitelijk is er een dader gezocht
voor overlijdensgevallen die eerder door artsen als ‘natuurlijke
dood’ waren aangemerkt. Met hulp van artsen, juristen en andere
experts laat Derksen zien hoe een kwalijke bewijszucht van het
gerechtshof de waarheidsvinding dramatisch in de weg heeft
gestaan.

Een spraakmakend boek over de blunders van een gerechtshof! 

Ton Derksen is emeritus hoogleraar wetenschapsfilosofie
en cognitiefilosofie aan de Radboud Universiteit
Nijmegen en emeritushoogleraar algemene kennis- en
wetenschapsleer aan de Universiteit van Tilburg. Hij
schreef vele artikelen en verscheidene boeken, waaronder
het bekende Wetenschap en willekeur, over
waarschijnlijkheid, kans, wetenschap en rationaliteit.

Lucia de B.
R

econstructie van een gerechtelijke dw
aling 

Veen Magazines

Veen Magazines
Laser Proof

Ton Derksen

Ton Derksen

cover.lucia.def  17-05-2006  18:17  Pagina 1



Lucia: time-line
• Sept. 4, 2001, “unexpected” death of Amber

• 2003: life sentence for 4 murders and 2 attempts; 
proof: statistical

• 2004: life sentence of 7 murders and 3 attempts; 
proof: medical

• 2006: confirmed by supreme court

• 2006: publication of book by Ton Derksen 
(philosopher of science)

• 2006: case submitted to special committee for 
review of exceptional possibly unsafe convictions



• 2008: CEAS reports death of Amber natural, 
recommends reopening

• 2008: “advocate-general” to supreme court admits 
there is no “novum”, commissions further 
investigations

• 2009: AG recommends case is reopened (with 
“novum” if required: former key pathologist agrees 
with new findings – he had less information at his 
disposal

• 2009: supreme court accepts, case is reopened

• 2010: nonguilty verdict (all deaths natural; nurses 
behaviour exemplary; medical errors)



Lucia: likelihood ratio

• Hypothesis of the prosecution: (most of 
the) Lucia incidents are murders or 
attempted murders

• Hypothesis of the defence: the events are 
natural and would have happened anyway

• Prob(data|HP):Prob(data|HD)=1:1



Lucia: the original 
statistical analysis

• Frequentist approach; hypothesis test;                 
null hypothesis = “balls in vases”

• For each of three data sets, court’s statistician 
computed the “p-value” P(as extreme as Lucia or 
more | balls in vases model)

• For JKZ MCU-I, he multiplied by 26                     
(= # nurses worked on the ward that year)

• Product of three p-values = 1 in 342 million



Lucia: the defense
• Judge: “what is the probability the coincidence is due 

to chance?”

• Defence 1. There are so many different probability 
models, you cannot compute a probability

• Defence 2. Multiplying p-values is wrong (reductio 
ad absurdam)

• Judges: “we are not here to do thought experiments, 
but to determine facts”

• Judges: “The verdict of the court does not depend 
on a statistical computation of probabilities”
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No one checked the 
data!

• Three children responsible for multiple identical 
events, some in Lucia’s shifts, some not

• No consistent definition of “incident”

• No consistent definition of “time of incident” 

• The data suggested the hypothesis

• No-one studied the “normal” situation (clusters 
of events, clusters of shifts are normal)
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Some p-values

• Cochran-Mantel-Haenszel test & Elffers’ 
post-hoc correction                                                
1 in 916

• Ultimate stratification                                             
11 days at JKZ with both incident & Lucia 
on duty                                                            
1 in 25

• Gamma(1) heterogeneity over Poisson 
intensity JKZ, RKZ pooled                                                     
1 in 25



Aftermath

• Since 2010, no more media interest

• The legal system got the blaim, the taxpayer 
paid the bill

• There have been reforms, improvements, 
communication between legal and scientific 
communities

• Medical community is silent



Interview with president 
Council for Justice

• “The system worked fine”

• “Murderers who escape conviction usually 
confess on their deathbed”



What really happened?

• In Dutch hospitals: 2000 deaths per year due to 
avoidable medical errors; culture of denial; frequent 
communication failures

• During 9 months up to 4 Sept. 2001, there was gossip 
about Lucia among nurses and specialists

• Medical errors by specialists were being associated 
with Lucia

• Director and top medical staff (but not all),         
under oath: there was no suspicion till 4 Sept. 2001



• No suspicion at all till 4 September, 2001?   
Director Paul Smits reported 10 unnatural deaths 
and suspicious reanimations, over last year, within  
15 minutes of being informed of death of Amber,     
and on the very same day

• Strange fact: these 10 “incidents” were also 
reported to Health Inspectorate. Conclusion: 
nothing wrong.

• 4 medical specialists, it appears, have lied to police 
and to courts (and to one another) concerning the 
treatment of their own patients

What really happened?
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Example 2: forensic DNA



Time for a success 
story...

• Example: a problematic DNA profile

• First ever court application of recently developed 
“graphical models” (Bayes nets) for forensic DNA 
mixture profiles

• The methodology: Julia Mortera (Rome),            
Steffen Lauritzen (Oxford), Robert Cowell (London)

• The work: my master students Jasper van Wamelen, 
Giulia Cereda



Case 1: Fingernail scraping AHH352#2 (fingernails victim)



• Each group of peaks corresponds to one locus on a 
different chromosome

• Genotype of one person at one locus is pair (m,n),  m 
≤ n  (numbers of repeats in two STR alleles),               
e.g. (7,9) or (18,18)

• Relative size of peak is roughly proportional to sum 
over contributors of:

• 0, 1, or 2 depending on # alleles contributed

•  x  proportion of contributor to mixture

• Absolute size of peak is (almost) irrelevant

• The peak sizes are definitely random, small peaks much 
more than large peaks



To bear in mind ...

• Mendel’s laws and relative frequencies of 
alleles in general population give us a fairly 
well understood model for the genotype of 
a random unknown person

• PCR procedure generates randomly sized 
peaks and suffers from “artefacts”:           
stutter, dropout, silent alleles, mozaicism ...



Case 1: Fingernail scraping AHH352#2 (fingernails victim)

Case 1: Reference sample suspect RFN929 (Fingernail scraping case)

Case 1: Reference sample victim RFE206 (Fingernail scraping case)

D18: victim             ,   suspect

D18
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Netherlands Forensic Institute:  “If this trace is from two 
persons, we can exclude the suspect.  
If it’s from three, we can’t”

Case 1: Fingernail scraping AHH352#2 (fingernails victim)

Case 1: Reference sample victim RFE206 (Fingernail scraping case)
Case 1: Reference sample suspect RFN929 (Fingernail scraping case)

D18:   victim                       suspect

D18: “mixture profile” (fingernail scaping of victim)



NFI expert , following official (deterministic) 
interpretation rules:  
“If this trace is from two persons, we can exclude the 
suspect.  If it’s from three, we can’t”

The rest of the profile, visually, matches a 90-10 
mixture victim-suspect rather well !

D18 is the most well-known locus for mozaicism 
which occurs there in at least 1 in 5000 persons !?



Peter Gill
Forensic Science Service,
Birmingham, UK

ABSTRACT

The analysis of short tandem repeat
(STR) DNA sequences is of fundamental im-
portance to forensic science because they
have become the recognized standard in
constructing national public databases.
Consequently, considerable effort has been
expended in developing multiplexed (one
tube) reactions that analyze several loci in
combination. The implementation of STRs
in casework cannot take place without a full
understanding of the systems used. The pur-
pose of validation is to characterize multi-
plexes when one is challenged with forensic
samples. For example, mixtures are often
encountered that may be particularly diffi-
cult to interpret against a background of al-
lelic artifacts.

By increasing the number of PCR ampli-
fication cycles, it is possible to dramatically
boost the sensitivity of the system so that
just a handful of cells may be successfully
analyzed. However, interpretation is much
more complex because the origin of DNA
profiles may be less certain and complicat-
ed by issues such as contamination, the po-
tential for innocent transfer, and a predomi-
nance of mixtures.

This review provides a brief historical
background of the development of STRs in
forensic casework that culminated in the
creation of national DNA databases. The
development of guidelines to interpret com-
plex DNA profiles, such as mixtures, is out-
lined. Finally, the recent innovation of low
copy number DNA profiling is explained
along with the special considerations need-
ed to report in court.

DEVELOPMENT OF
MULTIPLEXED SYSTEMS

Early multiplexes consisted of few
loci that were based on simple short tan-
dem repeats (STRs). The four-locus
“quadruplex” was probably the first to
be widely used (44); because it consist-
ed of few STRs, the match probability
was consequently high—1 in 10 000. In
1996, a six-locus STR system (57,58)
combined with the amelogenin sex test
(61) was introduced—known as the
“second generation multiplex” (SGM).
Because this system utilized complex
STRs D21S11 and HUMFIBRA/FGA
(47), which have greater variability than
simple STRs, the match probability was
consequently decreased to 1:50 million.
In the UK, the introduction of SGM co-
incided with the implementation of the
UK National DNA Database (75). More
than a million samples are now stored
on the database. As databases become
much larger (numbering several mil-
lions), it is necessary to ensure that the
match probability of the system is suffi-
cient to minimize the chance of two un-
related individuals matching accidental-
ly. Consequently, a new system known
as the AmpFl STR SGM Plus (Ap-
plied Biosystems, Foster City, CA,
USA) (18) was introduced in 1999 and
comprised 10 STR loci and amelogenin,
replacing the previous SGM system.
The probability of a match between two
unrelated people is approximately10-13.
For a full DNA profile, our practice is to
report a default match probability of
less than 1 in 1 billion. This figure is
conservative relative to sampling error
and Fst corrections (25). To ensure the
continuity of the DNA database so that
the new system could be used to match
samples that had been collated in previ-

ous years, all six loci of the older SGM
system were retained in the new AmpFl
STR SGM Plus system.

Development and Harmonization of
National DNA Databases

The harmonization of STR loci has
been achieved by collaboration at the in-
ternational level. Notably, the European
DNA profiling group (EDNAP) carried
out a series of successful studies to iden-
tify and recommend STR loci for the
forensic community to use. This work
began with an evaluation of the simple
STRs, HUMTH01 and HUMVWFA
(43). Subsequently, the group evaluated
D21S11 and HUMFIBRA/FGA (31).
Recommendations on the use of STRs
have been published by the International
Society of Forensic Genetics (7,51).

To date, several European countries
have legislated to implement national
DNA databases that are based on STRs.
In Europe, there has been a drive to
standardize loci across countries to
meet the challenge of increasing cross-
border crime. In particular, a European
Community (EC)-funded initiative led
by the European Network of Forensic
Science Institutes (ENFSI) was respon-
sible for coordinating collaborative ex-
ercises to validate commercially avail-
able multiplexes for general use within
the EC (34). National DNA databases
were introduced in 1997 in Holland and
Austria, 1998 in Germany, and 1999 in
Finland and Norway. Furthermore,
databases are currently planned for
Belgium, Sweden, Denmark, Switzer-
land, and Spain. A parallel process is
occurring in Canada (28,67) and the US
(42) where standardization is based on
13 combined DNA index system
(CODIS) loci (Table 1).
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ily identified by reference to the scan
data in GeneScan® Analysis Software
(Applied Biosystems). This is not a pro-
blem with CE-based instrumentation.

Masking Effect

A mixture may not always be evi-
dent by the presence of multiple bands.
This would occur in cases where the
contributors to a mixture actually share
alleles at a particular locus. Consider
two individuals sharing the same alleles
(e.g., D18S51 14,14 and 14,15). If the
mixture ratio is 1:1, then the ratio of the
14:15 peak areas will be 3:1, respec-
tively, and pronounced peak asymme-
try will be observed.

Suppression of Amplification
Efficiency

Peak-area asymmetry outside the
normal range for a non-mixture may
occur because of a primer binding site
mutation. This has the effect of altering
annealing and melting temperatures,
which changes the amplification effi-
ciency and decreases the resulting sig-
nal. If a substitution mutation occurs at
the 3! end of the primer, then a mis-
match will result and amplification will
fail completely, resulting in a null al-
lele. The closer the substitution is to the
5! end of the primer, the less the effect
on the amplification efficiency.

Genetic Anomalies

Trisomy or translocations. Both
chromosome and gene duplications af-
fect all cells in an individual. In prac-
tice, it is impossible to tell the differ-
ence without resorting to genetic
analysis. If duplication is accompanied
by a deletion or insertion of a repeat
unit, then three bands of similar size are
generated (Figure 2).

If a gene is duplicated without addi-
tional mutation, then only two bands are
visible in a 2:1 ratio. In the example in
Figure 3, an XYY individual has a dou-
ble dose of the Y gene. Note that other
loci are balanced, and this argues against
the possibility of a mixture. In the multi-
plex described by Sparkes et al. (58), tri-
somy or translocation was observed in 1
in 2000 samples at each locus.

Somatic Mutation

If a somatic mutation occurs during
embryological development, then two
types of cells with different genotypes
may coexist, and this leads to a three-
banded profile (Figure 4). The peak ar-
eas will depend on the relative propor-
tion of the mutant cell and will not be
equivalent. This is arguably the most dif-
ficult condition to elucidate because it is
possible that not all tissues will demon-
strate somatic mutation. The incidence
of somatic mutation is variable—out of

120000 samples, not one has been ob-
served at the HUMTH01 locus, whereas
the incidence is approximately 1 in 5000
at the D18S51 and HUMFIBRA loci. It
is possible that some somatic mutations
will be indistinguishable from stutters;
therefore, these figures are probably un-
derestimates because they are only
recorded if unambiguous.

The genetic phenomena described
(trisomy, translocation, and primer
binding site mutations) can be verified
by the analysis of the reference sample,
which should also demonstrate the
same anomaly unless a tissue-specific
somatic mutation has occurred. In the
latter case, confirmation may depend
on a reference sample that has the same
origin as the case stain, although we
cannot completely rule out the possibil-
ity that the appearance of somatic mu-
tations could vary over time within tis-
sues such as the buccal lining, which
consists of rapidly dividing cells. 

To summarize, an understanding of
the behavior of the DNA profiling sys-
tem is important to assess potential mix-
tures. Loci will behave somewhat differ-
ently from each other, but it is possible
to generalize. Here are some of the key
features: (i) the smallest peak area of a
heterozygote will usually be greater than
60% of the size of its partner (peak area
or peak height); (ii) within the previous
guideline, the high molecular weight
peak is often smaller than the low mol-
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Figure 2. An example of trisomy showing three different alleles. D21S11 trisomy or translocation in the lower pane. Note that the bands are equivalent in
size. Allelic ladder in the upper pane. AmpFlSTR SGM Plus system.
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Abstract

Taking peak area information into account when analysing STR DNA mixtures is acknowledged to be a difficult task. There have been a number
of non-probabilistic approaches proposed in the literature, and some have been incorporated into computer systems, but comparatively little has
been published from a probabilistic perspective. Here we briefly review our previous work on using Bayesian networks to analyse two-person
mixtures within a probabilistic framework, and present preliminary results obtained for analysing two-person and three-person mixtures that
combine peak area information from multiple independent samples.
# 2008 Elsevier Ireland Ltd. All rights reserved.

Keywords: DNA mixtures; Bayesian networks; Multiple traces; Multiple contributors

1. Introduction

In a recent series of papers [1–3] we have presented a
probabilistic methodology for analysing peak area information
from DNA mixtures based on Bayesian networks. A
representative fragment of these networks is shown in Fig. 1
for a two-person mixture. This represents peak area information
on three alleles, denoted by a, b and c, of some marker system.
At the top we have two nodes representing the genotypes of the
contributors p1 and p2. On the next layer we have nodes such as
n1a that count the number of alleles of type a that person p1 has.
These nodes take values in the set f0; 1; 2g. They depend on the
genotypes of the persons, this dependence is represented by the
directed arrow from the genotype to the nia nodes. The u node to
the left represents the relative proportions of DNA in the
mixture from each contributor prior to PCR amplification, so
that the proportion from person pi is ui with u1 þ u2 ¼ 1. From
the u proportions and the allele count nodes we calculate the
mean ma ¼ ðu1n1a þ u2n2aÞ=2, with similar formula for the
mean nodes mb and mc. These are the fraction of alleles of type
a, b and c for the marker in the mixture prior to PCR
amplification. The bottom layer of nodes represents the peak
areas of the individual alleles as measured by the PCR

apparatus after amplification of the mixture sample. We model
the stochastic variations in these areas by Gamma distributions,
where the Gamma distribution of the area for allele a depends
on the mean ma and has expectation proportional to ma;
similarly for alleles b and c. For further details of the Gamma
model and Bayesian networks, and how the probability
calculations are performed, see [1–3].

2. Results

In our previous papers [1–3] we have analysed peak-area
data on two-person mixtures taken from a variety of
publications. Here we illustrate the power of our methodology
for combining peak area information from two independent
samples that each have the same contributors.

In our first example there are two individuals. Two mixtures
were prepared in a laboratory, with each mixture having
approximately the same amount of DNA from each person. We
separated each mixture individually, and also separated the pair
of mixtures together.1 Our results are shown in Table 1. Using
only the first mixture, the genotypes of both contributors are
correctly identified on all markers. Using only the second
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mixture the profiles on two markers were not identified
correctly (as indicated by italics). When combining the two
traces both profiles were correctly identified on all markers,
with probabilities increased on all but one marker profiles. Note
especially the increase in probabilities in the profiles for

markers D3 and D19, which were incorrectly identified when
analysing the second mixture by itself.

In our second example, we consider three-person mixtures.
We analyse two laboratory prepared mixtures of differing
proportions, using the known profile of one of the contributors.
Our results are shown in Table 2. Incorrect classifications are
shown in italics. Using only the first mixture, only 3 of the 14
markers were correctly identified, whilst using the second
mixture by itself only 3 marker profiles were incorrectly
identified, these having low probabilities. However, when using
both markers together all marker profiles are correctly
identified. Note in particular the increase in probabilities for
the profiles on markers D5, D16, and TH01, none of which were
correctly identified with a single mixture analysis.

3. Summary

We have presented preliminary results from applying a simple
probabilistic model-based approach for mixture peak area
values, for what we believe is a novel example of combining peak
area information from independent mixture samples that have
DNA from the same set of contributors in order to enhance the
profile separation. Our results show the power and flexibility of
the Bayesian network approach. We intend to expand on our
findings elsewhere. In addition, the same approach can deal with
stutter peaks, and also possible kinship relationships between
contributors to mixtures: again we intend to publish more details
on the additional possibilities elsewhere. In our previous

Fig. 1. Bayesian network fragment for modelling peak areas in a mixture.

Table 1

Profile separation of a pair of two-person mixtures

Marker First trace only (correct all markers) Second trace only (correct 9 out of 11 markers) Both traces combined (correct all markers)

Amelogenin 0.6668 0.6392 0.7772

D2 0.4582 0.3838 0.6956

D3 0.8152 0.4854 0.8531

D8 0.6471 0.4831 0.7357
D16 0.6078 0.7534 0.7877

D18 0.4095 0.3574 0.6872

D19 0.4994 0.2928 0.6605
D21 0.7480 0.7485 0.8592

FGA 0.6727 0.6058 0.7701

TH01 1 1 1

VWA 0.3529 0.7656 0.7457

Each mixture was prepared in 1:1 ratio. They were analysed both individually, and also together assuming common contributors. Posterior probabilities shown are for
the correct profile, with incorrect identifications italicized.

Table 2
Profile separation of two three-person mixtures, each mixture taken separately

and then together assuming common contributors, using the profile of one

contributor in all three separations

Marker First trace

only 1:1:1

(correct 3 out
of 14 markers)

Second trace

only 1:5:2

(correct 11 out
of 14 markers)

Both traces combined

(correct all markers)

CSF 0.145 1.000 1.000
D2 0.178 1.000 1.000

D3 0.285 0.768 0.987

D5 0.432 0.190 0.883
D7 0.179 0.930 0.975

D8 0.270 0.739 0.776

D16 0.171 0.299 0.967

D18 0.126 0.999 0.999
D19 0.360 0.927 1.000

D21 0.154 0.997 0.997

FGA 0.400 0.892 1.000

TH01 0.009 0.212 0.529
TPOX 0.496 0.525 0.985

VWA 0.179 0.985 0.982

Posterior probabilities shown are for the correct profile, with incorrect identi-

fications italicized.
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Extended model (with dropout and stutter)
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values, for what we believe is a novel example of combining peak
area information from independent mixture samples that have
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Case 1: Fingernail scraping AHH352#2 (fingernails victim)
Case 1: Reference sample suspect RFN929 (Fingernail scraping case)

Suspect

Case 1: Reference sample victim RFE206 (Fingernail scraping case)

Victim

Mixture

Locus D19 (not problematic...?)



Locus D19: prior

Assume 90:10 mixture



Locus D19: posterior

Assume 90:10 mixture



What does D19 say about 
the mixture proportion?CHAPTER 4. CALCULATIONS ON “THE SCORPION CASE” 86
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D3

For this marker the peak profile reveals that:
Sgt=(15,17)
Vgt=(14,15)

Peak areas=
Allele number 14 15 17

Peak area 1064 1290 139

MATLAB histogram:



Defence would like 𝜽  < 0.08, prosecution 𝜽  > 0.25



Combining three replicate mixture profiles:

Evidential value for  
victim+suspect+mosaicism versus victim+unknown 
is around 10 000 : 1  (“very strong evidence”)

Evidential value for  
victim+suspect+unknown versus victim+unknown
+unknown 
is also around 10 000 : 1  (“very strong evidence”)

Free tools: GeNIe, matlab (octave?), R  
GeNIe: http://genie.sis.pitt.edu/

http://genie.sis.pitt.edu
http://genie.sis.pitt.edu


Experience

• Important to over-estimate “noise parameters” 
in model to compensate for misspecification – 
otherwise you will overestimate weight of 
evidence

• Once you have done that, our results were 
pretty robust to unknown nuisance parameters

• The courts, and the DNA specialists, are not 
ready for this



New technologies

• New technologies are generating new 
forensic data of frightening dimension, little 
scientific understanding

• Plug-in methods (fit models using training 
data, then “estimate” likelihood ratio) tends 
to grossly overestimates weight of evidence

• Present research plans: tune fitting to task

• Courts won’t be ready for this for many 
years to come (and shouldn’t be)
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Example 3: Hariri assasination



Hariri assasination

• UN Lebanon tribunal has published indictment 
of alleged members of terrorist gang

• Evidence: apparent cell phone colocation

• Trial is about to commence

• Question: what is chance of chance        
(apparent/false/...) colocation?



First idea (not mine)

• Make model of random people moving 
around Lebanon making random phone 
calls to one another

• Very simple models: chance of chance  
colocation falls off exponentially fast to 
zero, as time period grows longer

• But: how many pairs of cell phone users are 
there????

• And anyway: how relevant to actual case?



Present ideas

• The more false leads, and the faster they can be 
rejected,  the stronger is the evidence

• The more interesting the movements and the more 
frequent the calls, the stronger is the evidence

• Smart data interogation allowed investigators to 
generate hypotheses, and narrow leads to one, 
expending only couple days of data.  We have (e.g.) 
five more weeks to confirm ... by doing our best to 
reject!!!
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Conclusions
• Forensic statistics is in its infancy

• It requires non-standard paradigms and will need 
new methodology

• Multiparty statistics

• Nuisance parameters

• Model the forensic investigation process

• Communication of statistical ideas to non-
statisticians is going to be the bottle-neck
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