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In data-driven forensic voice comparison (FVC), empirical testing of a system is an essential step to 
demonstrate validity (i.e. how well the system performs the task) and reliability (i.e. whether the 
system would yield the same result if the analysis were repeated). The present study focuses on system 
reliability, aiming to reduce the degree of uncertainty at the socre space with small sample size and 
skewed scores (conditions which are typical of the real world). Wang & Hughes (2021) simulated 
scores to test different calibration methods showing that the Bayesian model (Brümmer & Swart, 
2014) outperformed logistic regression in terms of variability in system validity values (i.e. produced 
less variable results). However, they simulated scores based on a linguistic system using MVKD, 
which is likely to have worse overall performance than automatic speaker recognition (ASR) systems 
utilising MFCCs or cepstral measures. We simulated scores generated from i-vector and GMM-UBM 
ASR systems using real speech data to demonstrate the variability in system reliability as a function 
of score skewness and sample size. Scores were simulated based on parameters of score distribution 
from Enzinger et al. (2016) and Morrison & Poh (2018).  
Scores were simulated using both skewed and non-skewed parameters (i.e., skewness changed to 0) 
to investigate the effect of score skewness. To account for sample size, training and test speakers 
were increased from 20 to 100, with 10-speaker increasements. Logistic regression and a Bayesian 
model were used for calibration and replicated 100 times per sample size. Performance was evaluated 
using the mean (overall discrimination) and range (overall variability) of the Cllrs across the 100 
replications.  
Figure 1 shows the Cllr mean (dots) and range (lines). Using logistic regression, Cllr ranges are 1.3 (i-
vector) and 0.69 (GMM-UBM) when scores are skewed (panel (a)) and sample size is small (20 
speakers), while the Cllr ranges are 0.49 (i-vector) and 0.69 (GMM-UBM) when scores follow normal 
distributions (panel (b)). Score skewness seems to have a less marked effect on system reliability for 
the GMM-UBM system when sample size is small, principally because GMM-UBM produced less 
skewed scores. Panels (c) and (d) show that Bayesian calibration improves system reliability 
considerably when scores are skewed, e.g., the Cllr range is ca. 0.3 (Figure 1 (c)) compared with 1.3 
(Figure 1 (a)) when 20 speakers are used. For the GMM-UBM system, Bayesian calibration does not 
seem to improve system reliability as much it does for the i-vector system, and score skewness seems 
to have less effect on system reliability when 40 or more speakers are used.  
The mean Cllr stays stable across score skewness and sample size within systems. However, there 
appears to be a trade-off, such that overall discrimination (i.e. mean Cllr) may be slightly poorer where 
reliability is slightly better. Thus, it is important for experts to consider what the most important 
metric of system performance to be and what constitutes ‘low enough’ mean Cllr in making decision 
about which system to use in a forensic case (see Morrison et al., 2021).  

 

Figure 1. Cllr mean and range as a function of score skewness, sample size and calibration methods. 
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