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Automatic speaker recognition (ASR) gleans information about individual speaker 

characteristics from speech acoustics, including idiosyncratic details about unique source (i.e. larynx) 

and filter (i.e. vocal tract) traits. Previous studies have mostly used inverse filtering to acquire voice 

source information (Patel et al., 2011), ad-hoc selection of source and filter acoustic feature sets 

(Hughes et al., 2023), and/or opaque "black-box" models to increase performance (Kabir et al., 2021). 

However, these approaches raise questions regarding how the complex interaction of voice source 

and filter influence ASR in more naturalistic, ecologically valid ways. 

In this study, we applied a complete feature set (88 features, eGeMAPS; Eyben et al., 2016) to 

two natural speech modes (modal speech and whispering), in order to broadly tease apart the effects 

of voice source + filter (modal) from the filter alone (whisper), using an interpretable machine 

learning model (XGBoost; Chen & Guestrin, 2016). Sixty professional actors were recruited to record 

20 short sentences in both speech modalities in an anechoic chamber at University College London. 

We inferred the relative importance of voice and filter by observing the decrease in model accuracy 

from cross-mode model testing (e.g. training on modal, testing on whisper) compared to baseline 

within-mode model testing (e.g. training on modal, testing on modal). Model training/testing was 

carried out 400 times, in order to generate distributions of 100 accuracy values for each scenario. 

We hypothesized that: (1) if the voice source is responsible for speaker-specific acoustic traits, 

we should observe a larger decrease in accuracy for models trained on modal and tested on whispered 

speech (MW models) compared to their baseline performance (MM models), since the source-related 

features present in model training would be absent in the test set; or (2) if the voice filter is responsible 

for speaker-specific acoustic traits, we should observed relatively equal changes in accuracy for both 

models trained on whispered/modal speech and tested on modal speech/whispered speech compared 

to their baseline performance (MM and WW models), since the filter-related features present in model 

training would also be present in both test sets. Our results reveal that MW models decreased by an 

average of 57.7% accuracy compared to their baseline (i.e. MM models), whereas WM models 

decreased by an average of 51.4% accuracy compared to their baseline (i.e. WW models); a t-test 

revealed the difference between the two cross-mode distributions to be significant, with a large effect 

size (Cohen's d: 6.117). Despite this significant effect, the difference is relatively small (6.4%) and 

the accuracies for both cross-mode scenarios are similar in comparison to chance (i.e. 5.16-5.27 times 

greater than chance accuracy). These results support hypothesis (2), suggesting that naturalistic filter-

related acoustic information plays a crucial role in vocal identity. 
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