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Evidence evaluation

Typical question

“Does the evidence obtained from the suspect match that
obtained from the crime scene?”

Relevant propositions

Prosecution (Hp): the evidence obtained from the suspect
and that from the crime scene come from the same source
Defence (Hd): the evidence obtained from the suspect and
that from the crime scene come from different sources
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Value of evidence

Usually reported as a likelihood ratio, V .
Odds form of Bayes’ Theorem: The posterior odds of Hp

given the evidence E is

Pr(Hp|E)
Pr(Hd|E)

=
Pr(E|Hp)

Pr(E|Hd)
· Pr(Hp)

Pr(Hd)

Value of evidence

V =
Pr(E|Hp)

Pr(E|Hd)
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Value of evidence

Posterior odds = prior odds times V .
V is an odds multiplier.
The evidence is V times more likely under the prosecution
proposition (that the suspect is the source) than under the
defence proposition (that someone else is the source).
Given sufficient background data, probabilistic and
statistical models can be used to obtain V .
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V in practice

Probabilistic calculations widely accepted in the
interpretation of DNA evidence
Based on established theory of genetics and relatively
straightforward
Validation possible thanks to large databases
With typical relative frequencies of the order of 1 in
millions, V can be very high for DNA profiling
Things not so simple for other types of evidence
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R v T

Recent ruling in a case involving footwear marks

“An attempt to assess the degrees of probability where footwear
could have made a mark based on figures relating to distribution
is inherently unreliable and gives rise to verisimilitude of
mathematical probability based on data where it is not possible
to build that data in a way that enables this to be done; none in
truth exists. . . It is quite clear therefore that outside the field of
DNA (and possibly other areas where there is a firm statistical
base), this court has made it clear that Bayes theorem and
likelihood ratios should not be used.”
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Notes on evidence evaluation

Even with abundant, good quality background data (e.g.
DNA database), several issues remain (interpretation,
mixture calculations, choice of reference population, . . . )
Obtaining the value of one piece of evidence does not
answer the ultimate question of guilt or innocence

To make a decision (such as suspect is guilty) need to combine:
multiple pieces of evidence, possibly dependent
prior probabilities
background information
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Forensic voice comparison

Consider a speech recording involved in a crime, e.g.
blackmail call.
A suspect is arrested and a recording of a police interview
is available.
Goal: to compare data extracted from from the voice
recordings of the suspect and the criminal

Propositions

Hp: the recordings are of the same speaker;
Hd: the recordings are of two different speakers.
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Acoustic/phonetic analysis approach

Focus on vowels as their acoustical properties are relatively
robust and easy to quantify:
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DyViS Database
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DyViS data analysis

MSc project – Roberto Felipe, UoG
Analysed data extracted from Task 1 of the DyViS
database (Nolan et al., 2009).
Task 1: simulated police interview recording of young
(18-25), male speakers of Standard Southern British
English in which the participant was instructed to lie about
a crime.
Dataset 1: Formant frequencies (F1,F2,F3) and duration
(D) for the vowel portions of the hesitation marker “um”
from 75 speakers with 20 replicates per speaker→ speaker
random effect.
Dataset 2: Formant frequencies F1, F2, F3 and F4 for the
vowels “a,”, “e”, “i”, “o” and “u” from 25 speakers,
variability due to speaker and word.
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Simulations

Model: assume normal within-speaker distribution
Either normal between-speaker distribution or kernel
density estimate (Aitken and Lucy, 2004)
Simulation experiment: For known speaker pairs (x, y)

compute V =
f (x, y|Hp)

f (x, y|Hd)

False positive and false negative error rates computed
according to whether V > 1 for a different-speaker pair
and V < 1 for a same-speaker pair
Log likelihood ratio cost
Cllr= 1

2

(
1

Ns

∑
log2(1 + 1

Vs
) + 1

Nd

∑
log2(1 + 1

Vd
)
)
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Results

Hesitations

False positive rate: 7-11%; false negative rate: 2-9%; Cllr: ∼
0.5

Vowels

Models with speaker random effect for each vowel
separately (no accounting for variability due to word)
Assuming independence of F1, F2, F3, F4 and of the
vowels, an overall V can be obtained by combining
individual V-values.
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Vowel results

33 
 

combinations until satisfactory error rates have been achieved.  The results demonstrate that it 

is not necessary to combine all the vowels and formants to achieve the best results.   

 

Variables 
Error % Error % 

Cllr 
Same Speaker (sd) Diff Speaker (sd) 

a: F3 

1.6 (1.9) 15.5 (2.3) 0,72 (0,10) 
e: F3 
i: F3 
o: F3 
u: F3 
a: F1, F2 

8.0 (5.1) 8.3 (1.2) 0.40 (0.10) e: F3, F4 
o: F2, F4 
a: F3 

4.6 (5.0) 7.4 (0.7) 0.37 (0.12) i: F3 
o: F1,F2,F3,F4 
a: F1,F2,F3,F4 3.0 (3.8) 4.0 (0.5) 0.15 (0.05) 
i: F1,F2,F3,F4 
e: F1,F2,F3,F4 7.0 (2.4) 10.1 (1.3) 0.44 (0.06) 
u: F1,F2,F3,F4 
i: F1,F2,F3,F4 2.3 (2.6) 7.0 (1.2) 0.47 (0.05) 
u: F1,F2,F3,F4 
a: F1,F2,F3,F4 

1.0 (1.9) 2.6 (0.6) 0.22 (0.06) i: F1,F2,F3,F4 
o: F1,F2,F3 F4 
a: F1,F2,F3,F4 

1.3 (2.6) 2.8 (0.6) 0.19 (0.09) i: F1,F2,F3,F4 
o: F1,F3 
u: F1 
a: F1,F3 

2.6 (3.1) 3.4 (0.6) 0.15 (0.04) e:F1,F2 
i: F1,F2,F3,F4 
u: F1,F2,F3,F4 
a: F1,F2,F3,F4 

1.3 (1.9) 1.6 (0.5) 0.07 (0.05) e: F1,F2,F3,F4 
i: F1,F2,F3,F4 
o: F1,F2,F3,F4 
a: F1,F2,F3,F4 

1.9 (2.3) 2.3 (0.7) 0.14 (0.03) 
e: F1,F2,F3,F4 
i: F1,F2,F3,F4 
o: F1,F2,F3,F4 
u: F1,F2,F3,F4 
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Comments on the statistical models

Good performance when combining results from
univariate models (“fusion”)
Especially useful when background data contain many
more variables than observations (e.g. automatic speaker
recognition)
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Automatic speaker recognition

Thousands, even millions of variables
Likelihood ratios (“scores”): obtained from univariate
models for each variable – not useful on their own, but can
produce accurate results when combined
“Logistic regression fusion” (Morrison 2013): New V
obtained from fitting a logistic regression on the scores
Approach works well with the large datasets available in
automatic speaker recognition
Could be applied to acoustic/phonetic analysis given
sufficiently large databases – not so readily available.
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Opportunities

Need for databases
Testing, validation, assessment
Calibration
Combining different kinds of phonetic/acoustic evidence,
automatic speaker recognition results
Software
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