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Abstract 

This paper examines the spectral sensitivity of the Lombard Effect in L1 English speakers 

with respect to sibilant consonants. Though previous literature has examined Lombard Speech 

produced under various noise conditions, no study to date has examined a ‘second-order’ 

Lombard effect by eliciting speech under speaker-specific noise designed to approximate a 

speaker’s typical Lombard Speech—that is, speech already produced under broadband noise 

conditions. Doing so elucidates possible different manifestations of the Lombard Effect and how 

such a noise condition might elicit speech which is differentiable from broadband Lombard 

Speech. 

Results from spectral analysis indicate a weak-to-moderate sensitivity to the spectral 

characteristics of noise in the majority of speakers in this study, as demonstrated by adjustments 

to speech characteristics in both the temporal and frequency domains. Notable changes from 

broadband to speaker-specific noise include raising of peak frequency, increased segment 

duration, and decreased skewness. In conjunction, these changes do indeed differentiate speech 

between noise conditions in those speakers who first demonstrated acoustic changes from quiet 

to broadband noise conditions. Degree and manner of change in the frequency domain are highly 

speaker-specific, however, and occasionally segment-specific.  

These findings may suggest that acoustic augmentations which differentiate the speech 

signal from tailored noise may be accompanied by articulatory changes meant to increase 

segment stability. Further work is needed to verify articulatory changes as well as the statistical 

significance of spectral trends for other measures across different noise conditions. 
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1 Introduction & Background 

1.1 Speech in Noise 
It is well documented that speech produced in noisy conditions varies both qualitatively 

and quantitatively compared to speech produced in quiet conditions. This phenomenon, the 

Lombard Effect (LE), was documented by the eponymous otolaryngologist Etienne Lombard in 

1911 (Lombard, 1911) and has since been studied in numerous languages including English, 

French, Dutch, Hindi, Arabic, Korean, and others (Junqua, 1996). It has also been found as a 

reflex in other species besides humans, including songbirds, monkeys, some species of frog, 

among others (Hotchkin & Parks, 2013; Kunc et al., 2022). Though there are nuances to the 

types and degree of acoustic changes employed by speakers of different languages, the general 

parameters of the LE remain the same cross linguistically; primary changes include increasing 

speaking amplitude and segment duration, increasing pitch (F0), and raising of first (F1) and 

second (F2) formants (Lane & Tranel, 1971; Summers et al., 1988; Junqua, 1993, 1996; Lu & 

Cooke, 2009; Stowe & Golob, 2013; Reilly, 2020). More subtle, secondary changes have also 

been observed under different experimental conditions, though the specifics of the LE remain 

highly speaker-dependent and sensitive to environmental conditions (Garnier & Henrich, 2014). 

It is generally understood, however, that the LE exists as an automatic and unconscious vocal 

reflex in the presence of noise which aims to increase intelligibility of speech. This study is 

concerned with the spectral sensitivity of the LE in relation to sibilant consonants /s ʃ z/ 

produced by L1 English speakers under different noise conditions. In particular, it builds on 

previous studies aiming to determine ways in which the LE may be anticipatory of acoustic 

masking with respect to individual consonants. 
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1.2 Sibilants 
Sibilant consonants are a fairly common cross-linguistic segment class defined by continuant 

turbulent airflow, resulting in sustained high-frequency noise (Kokkelmans, 2021). English has 

six sibilant consonants, four of which are fricatives and two or which are affricates (American 

Speech-Hearing-Language Association). The sibilants are further divided into voiced and 

voiceless classes as shown in the diagram below, where voiceless segments are on the left and 

voiced counterparts are on the right.  

 Alveolar Postalveolar 

Fricative s        z ʃ        ʒ 

Affricate  t͡ ʃ      d͡ʒ 

Table 1. English sibilant consonants 

The term sibilant comes from the Latin sibilans, meaning ‘hissing.’ Though there are many 

sibilant consonants with diverse articulations including dental, alveolar, postalveolar, 

alveopalatal, and palatoalveolar, they are all coronal consonants which divert an airstream 

through a narrow opening between the tongue and roof of the mouth (Kokkelmans, 2021). The 

tongue body may be grooved, palatalized, retroflex or in some combination. The airstream then 

strikes the bottom teeth to create turbulence and resonantes in the oral cavity between the teeth 

and tongue. That the airstream strikes an obstacle, the teeth, at a right angle to the flow of 

pulmonic air is a defining articulatory characteristic of sibilants more generally (Shadle, 1985, 

1991). The English /s/, for example, is generally articulated with an apical constriction at the 

alveolar ridge. This results in a high-pitched hissing sound that is perceptually very salient and 

perceived as high intensity (Stevens, 2000). A postalveolar /ʃ/ involves a more retracted or 

posterior tongue position than the alveolar counterpart which both increases the space in front of 
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the constriction and creates a sublingual cavity. The increased size of the prelingual space and 

sublingual cavities both contribute to a perceptually lower pitch sibilant compared to alveolar 

productions due to greater resonance resulting from increased volume in the oral cavity; 

increasingly retracted articulations result in lower and lower average frequencies and therefore 

perceptually lower pitched consonants (Stevens 1971: 1185). The voiced alveolar fricative /z/ is 

articulatorily similar to the voiceless counterpart, albeit with the added voicing parameter. Oral 

articulation is the same while the vocal folds open and close in a regular periodic manner to 

create voicing, though voiced frication more generally is relatively rare cross linguistically. This 

may be due to the aerodynamic constraint of maintaining high velocity air flow across two points 

of constriction the glottis and the oral constriction. The voiced postalveolar /ʒ/ is not only the 

least common sibilant in English but also the least common phoneme in English as a whole; 

phonological distribution is very restricted, making it difficult to select target words of consistent 

form if this segment is included in the analysis (Hayden, 1950). For example, it has no dedicated 

grapheme and appears frequently as a coda consonant within borrowed words such as massage 

[məsɑʒ], espionage [ɛspijənɑʒ], etc. or as the product of [j]-coalescence in words such as 

pleasure [plɛʒɚ] measure [mɛʒɚ] and treasure [tɹɛʒɚ]/[t͡ ʃɹɛʒɚ]. Sibilant affricates are slightly 

more complex in that they are first articulated with a complete closure in the oral cavity before 

constriction weakens and releases airflow in a typical sibilant manner. Sibilant affricates are 

sometimes considered sibilants with a delayed release (as in Chomsky & Halle, 1968). Though 

they are also eligible for spectral analysis in the same manner as continuant sibilants /s ʃ z/, they 

are not a concern of this paper due to articulatory, acoustic, and phonological differences from 

their fricative counterparts. 
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1.3 Visualizing Sounds 
Sibilants are of particular interest to this study as they are essentially, in an acoustic 

sense, productions of sustained static noise. This means they are particularly well suited for a 

spectral analysis as they can be differentiated (within the sibilant class as well as across other 

natural classes) based on the distribution of acoustic energy to various concurrent frequencies 

during production. The following oscillograms, or waveforms, in Figures 1 and 2 represent 

acoustic energy as a function of intensity (y-axis) over time (x-axis). Important to note in the 

oscillograms of voiceless segments is the lack of periodicity in the waveform, which corresponds 

to the aforementioned turbulence in the airstream created by striking the obstacle; this is 

characteristic of fricatives as a class more broadly (Kokkelmans, 2021). The spectrograms 

directly underneath each oscillogram provide a visual representation of the aforementioned 

energy distribution, where time and frequency are shown on the x- and y-axis, and darkness 

represents the relative intensity of sound at that particular frequency.  

Figure 1.  Oscillogram and spectrogram of one participant’s pronunciation of  /s/ in ‘sag’ 
while listening to white noise (C2) as shown in Praat.  
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Figure 2.  Oscillogram and spectrogram of one participant’s pronunciation of  /ʃ/ in 
‘shag’ while listening to white noise as shown in Praat. Two dark horizontal bands can 
be seen in the spectrogram below the postalveolar sibilant. 

Visualizing the sound with a spectrum eliminates the time dimension entirely and 

displays the frequency distribution at a single point in time or as an average across an entire 

segment. In the following diagrams, frequency (in Hz) is represented as a function of intensity 

(in dB), where the highest peaks represent the frequencies at which most acoustic energy is 

concentrated. These peaks can be understood as the dark bands seen in the previous 

spectrograms (Fig. 2), where a top-down view of the spectrum yields the spectrogram 

visualization shown previously (in this perspective, ‘closeness’ to the viewer corresponds with 

greater darkness). The spectrums also show that the majority of the high amplitude energy in the 

voiceless alveolar /s/ is concentrated to a single peak and placed higher in the frequency 

spectrum compared to the postalveolar /ʃ/. The postalveolar sibilant has energy which is more 

dispersed, yielding a more ‘flat’ distribution and reflecting the prelingual space discussed 

previously (see §1.4 for discussions on spectral shape). These visual representations are 

invaluable to understanding frequency distributions during sibilant productions and are crucial 

for analysis of spectral characteristics.  
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Figure 3.  Spectrum derived from the middle 50% of the voiceless alveolar sibilant  /s/ 
shown in Fig. 1. 

Figure 4.  Spectrum derived from the middle 50% of the postalveolar sibilant  /ʃ/ shown 
in Fig. 2. The two highest peaks on either side of the red line correspond to the two dark 
bands in the Fig. 2 spectrogram. 
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1.4 Spectral Moments  

Sibilants can be quantitatively described and differentiated based on their acoustic 

characteristics. There are four such measurements which have been used to differentiate both the 

place and manner of articulation of different sibilants, namely the first four spectral moments: 

Centre of Gravity (CoG), standard deviation (SD), skewness, and kurtosis (Forrest et al., 1988; 

Jongman et al., 2000). They may also be referred to as Moment 1 or M1, Moment 2 or M2, etc. 

Though there is currently work on improving their efficacy and discriminatory power, spectral 

moments are well established measurements in the field of acoustic phonetics and are considered 

reliable means of quantifying spectral characteristics of fricative consonants more broadly. CoG 

is the first and most prominent, describing the main frequency (in Hz) around which most of the 

acoustic energy is centred and therefore is an overall average frequency of the segment. CoG is 

calculated “by weighing the frequencies in the spectrum by their power densities,” (Boersma and 

Hamann, 2008: 229). For the voiceless alveolar /s/, Adult males tend to have a CoG in the range 

of 5000-6000 Hz and females/children tend to have a CoG exceeding 6500 Hz (Jongman et al., 

2000; Fox & Nissen, 2005; Stuart-Smith, 2020), though various coronal articulations yield 

typical CoG values anywhere between 2000-9000 Hz (Boersma & Hamann, 2008). CoG is 

marked on the spectrums in Figures 3 and 4 with a vertical dotted red line.  

Unfortunately, CoG alone is not sufficient to categorize and differentiate sibilants within 

and across consonant classes; spectral shape is also important as sibilant consonants tend to have 

very distinct peaks in the spectrum as seen in Figures 3 & 4. These peaks represent particular 

frequencies at which energy is most concentrated and can be further quantified with measures 

such as skewness (3rd spectral moment). Skewness describes the degree to which the frequency 
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distribution ‘leans’ to one side or the other, as opposed to a distribution of 0 which corresponds 

to a perfect bell curve/normal distribution. 

Figure 5. Negative and positive skewness in a normal distribution. Picture taken from 
Wikimedia Commons (Wikimedia: Rodolfo Hermans, 2008). 

Sibilants, with higher frequencies having more concentrated energy and greater intensity 

than concurrent lower frequencies, often show negative skewness, though this is not a universal; 

previous studies have found voiceless alveolar sibilants consistently show a negative skewness 

while voiceless postalveolars consistently show a positive skewness (Haley et al., 2010). It 

remains that skewness is a useful quantification within individual speakers but should not be 

taken as an objective indicator of place of articulation independent of other measures. Figures 3 

and 4 shown spectrums with positive skewness.  

Standard deviation, or 2nd spectral moment, is calculated by finding the square root of 

the variance, which itself simply describes how spread out or dispersed values are from the 

average mean. A high standard deviation indicates values are widely dispersed around the mean 

ie. not tightly clustered about the centre. Sibilants tend to show low standard deviation as the 

acoustic energy, as mentioned, is highly concentrated at specific frequencies. Kurtosis, as the 4th 

spectral moment, describes the ‘peakedness’ of the distribution, where negative values 
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correspond with a very flat spectrum and positive kurtosis corresponds to distinct, high peaks 

(Forrest et al., 1988; Jongman et al., 2000). 

The final measure of importance to this experiment is peak frequency, which is the 

particular frequency at which energy is most concentrated. CoG, on the other hand, is an average 

measure which is derived from the weighted energy distribution (relative intensities) of 

frequencies across the entire spectrum. Peak frequency and CoG are usually similar but not 

exactly the same, with CoG providing a more holistic representation of the segment while peak 

frequency is more instantaneous. In Figure 3, peak frequency is 5586 Hz, slightly below the 

marked CoG at 6078 Hz. In Figure 4, peak frequency is 2340 Hz, below the marked CoG at 4224 

Hz.These five measures do well to differentiate different sibilants both within and across 

speakers and will be used as the primary means of assessing sibilant pronunciations obtained in 

this experiment.  

2 Literature Review 

​ 2.1 Automaticity 
A number of previous studies have pointed to the automaticity of the LE. One study by Stowe 

and Golob (2013) used a picture naming task and found the LE was manifest under broadband 

noise (0.2-20 kHz) which contained frequencies typical of human speech; expectant changes to 

pitch, intensity, and raising of formant frequencies were all found. When the same broadband 

noise had speech-like frequencies in the range of 0.05 - 4 kHz removed (notched noise), the 

acoustic changes typical of LS were not found (Stowe & Golob, 2013). The researchers also 

tested the effect of bandpass noise containing exactly these frequencies and found a lesser effect 

than was manifest under a broadband noise condition, though there is little discussion of why this 
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is the case (Stowe & Golob, 2013). This study speaks to an important characteristic of the LE as 

a vocal reflex which is sensitive to the type of environmental noise under which speech is 

produced and the presence of speech-typical frequencies. This sensitivity has been shown by 

Garnier, Henrich & Dubois (2010) who found the greatest elicitation of Lombard Speech (LS) 

while participants were exposed to multi-talker babble, also known as cocktail-party noise, 

compared to types of broadband and bandpass static noise, again suggesting the LE is 

specifically elicited when the ambient acoustics contain speech-typical frequencies. That the 

effect is lesser or not manifest at all when speech frequencies are not present in environmental 

noise suggests that the LE is somehow anticipatory of acoustic masking and seeks to augment 

certain acoustic and articulatory characteristics in order to further differentiate speech from 

environmental noise. When no such masking will occur and suprasegmental augmentations are 

unnecessary, as in the notched noise condition, the LE is not manifest.  

​ Interestingly, Hay et al. (2017) found that elicitation of LS may also be a conditioned 

behaviour that is influenced by environmental priming. In their study, participants were observed 

using LS while seated in a car and exposed to typical car noise. LS was also exhibited when 

participants were seated in a parked car that was not running or turned on at all. Hay et al. 

ultimately take these findings to suggest that location-specific memories (ie. repeated exposure 

to ambient car/driving noise while seated in a vehicle) can trigger location-specific speech 

behaviours. In conjunction, these studies suggest that the LE is indeed automatic and dependent 

on the type of ambient noise, whether or not such noise is even present at the time of speech 

production.  

Other studies pertaining to sound immersion have found a greater elicitation of the LE 

when participants heard noise through headphones as compared to ambiently through speakers. 
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A study by Garnier, Henrich and Dubois (2010) found noise in headphones, communicative 

burden, and multi-talker babble to all directly increase elicitation of the LE compared to 

broadband noise played ambiently through speakers (Garnier et al., 2010). They also found that, 

“adding a self-monitoring feedback into headphones reduced this effect but did not completely 

compensate for it,” (Garnier et al., 2010). Though the authors do not speculate, it may suggest 

that suprasegmental augmentation strives to produce speech which matches the perceived 

acoustic characteristics of speech-in-quiet from the perspective of the speaker themselves. Based 

on previous literature, it seems an unstated assumption that the LE is not goal oriented (at least 

not to one which is universal across speakers). Rather, acoustic and articulatory changes simply 

result from the speaker avoiding acoustic masking in any way which is feasible. Whether this 

avoidance involves, say, a consistent and quantifiable augmentation above the environmental 

noise (ie. raising F0 10% above the perceived main frequency of noise) or a more concrete end 

point is an unresolved issue. It may hold that LS is an attempt to make speech-in-noise sound to 

the speaker as their own speech-in-quiet, or it may hold that the LE manifests speech thought to 

be most perceptible to the listener, whether or not such speech matches the general acoustic 

parameters of speech in quiet. This requires further examination to verify but does present an 

interesting step forward in verifying the ultimate “end goal” of the LE as it is manifest under 

these different conditions, both experimentally and naturalistically. 

2.2 Intelligibility 
That the LE is an automatic mechanism designed to improve speech intelligibility is 

strongly supported by findings that content words (ie. agents, objects, locations) show the 

greatest degree of change when utterances are produced in noise. Patel and Schell (2008) 

examined productions in noise and found that low to moderate levels of noise affected uniform 
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changes to speech across an entire utterance. As noise increases, however, The LE becomes most 

apparent on content words, such as nouns and verbs, which show continued increases to duration 

and raising of F0 (Patel & Schell, 2008). With greater noise, intensity remains rather uniformly 

distributed across the entire utterance though segment duration and F0 remain robust primary 

cues for marking content words. Functional items such as prepositions show the least increases 

with regards to these measures.  

In further support of these findings, previous studies have found that the presence of a 

communicative burden on speakers increased elicitation of the LE compared to vacuous speech 

without the presence of a speech partner. This has been shown in experiments requiring 

interlocutors to participate in communication-based tasks. This was tested by Garnier and 

Henrich in 2014 and further reinforces the intelligibility-based account with findings that LS is 

perceived as more intelligible than regular speech (Dreher & O’Neill, 1957; Lu & Cooke, 2008; 

Maniwa et al., 2008, 2009) This was found when the speech was presented to listeners in 

isolation but also when presented with the accompanying environmental noise in which it was 

produced (Garnier & Henrich, 2014). In conjunction, findings such as these strongly indicate that 

the LE is primarily a communicative mechanism which seeks to improve transmission of 

semantic information and augment communication as a whole.  

2.3 Spectral Sensitivity  
Though elicitation of LS is variable both within and across speakers, it does remain that 

the effect is at least somewhat sensitive to the spectral characteristics of noise. A 2020 study by 

Reilly examined the spectral sensitivity of first order LS with acoustic filters which shaped static 

noise into vowel-shaped and sibilant-shaped noise specific to individual speakers. These filters 

were based on participants’ speech in quiet conditions. It was found that sibilant productions in 
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both noise conditions involved expected increases to CoG, sibilant intensity, and duration, 

though the largest acoustic changes to sibilant consonants were obtained under the sibilant-noise 

condition (Reilly, 2020). Reilly found that, “no sibilant changes were specific to the vowel noise 

condition,” and concluded that, “the sensitivity of sibilant sounds to sibilant noise indicates that 

speech responses to noise were affected by the frequency content of background noise,” (2020). 

Spectral variance and skewness were not found to systematically vary in the sibilant noise 

condition, though kurtosis increased in both the vowel and the sibilant noise conditions (Reilly, 

2020). Overall, the experiment indicates that sibilant productions are indeed sensitive to the 

frequency content of environmental noise and show the greatest acoustic changes when there is 

spectral similarity between the produced segment and background noise. This correlation can be 

taken to indicate an attempt at decreased acoustic masking based on spectral overlap of speech 

and noise.  

In contrast, a study by Lu & Cooke (2009) found that the LE can place speech in an area 

of the acoustic spectrum which actually increases acoustic masking by ambient noise. Their 

experimental conditions involved participants listening to either high-pass or low-pass filtered 

noise while reading and producing target words. In both noise conditions, the LE raised intensity, 

F0, F1, and CoG compared to quiet conditions; this had the effect of decreased masking in the 

low-pass noise condition but ultimately placed productions into the crowded portion of the 

spectrum during the high-pass condition and increased acoustic masking (Lu & Cooke, 2009). 

However, it should be noted that the experimental conditions present a possible confound which 

may make these results unrepresentative of the nature of the Lombard mechanism more 

generally. Given that the LE has been only ever observed as a systematic raising of pitch and 

formants in noisy conditions, it is unsurprising that participants employed these changes in the 
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high-pass condition. These changes obviously then resulted in greater acoustic masking due to 

the frequency overlaps between speech and high-pass noise. To take these findings as indicative 

of a non-anticipatory nature of the LE would perhaps be unfair, as the alternative option of 

lowering pitch and formants was, as best can be understood, never a possible manifestation of 

the Lombard mechanism in the first place. Productions which do lower pitch and formants 

compared to speech in quiet conditions, should they be found, should likely not be considered as 

part of the LE but rather considered either an intentional and salient decision on behalf of the 

speaker or attributed to other perceptual-acoustic speech mechanisms.  

​ 2.4 Acoustic strategies 
Work by Garnier and Henrich in 2014 outlines three possible strategies by which speakers may 

differentiate their speech from the noise signal, namely boosting, bypass, and modulation 

strategies. Boosting involves global increases to vocal intensity, especially in those portions of 

the acoustic spectrum which is most crowded. This corresponds to global frequency and intensity 

increases, particularly for those frequencies where noise is maximally energetic. Bypass 

strategies involve redistribution of acoustic energy to regions where background noise is least 

energetic. Bypass strategies may be restricted only to those frequency bands of greatest phonetic 

importance, such as F0, first and second formants, etc. Lastly, modulation involves increasing the 

temporal modulation of intensity and of F0 (Garnier & Henrich, 2014). In a study designed to 

evaluate the potential application of these specific strategies, Garnier and Henrich found different 

patterns for vowels and consonants consistent with previous studies that vowels show the 

greatest change in noisy conditions (Summers et al., 1988; Hansen, 1988; Lu & Cooke, 2009; 

among others), whereby duration and intensity increases are greatest for vowels; consonants 

were actually seen to decrease in duration while vowels increased, possibly in an attempt to 
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further differentiate the two segment classes. Garnier and Henrich found, in line with Lu and 

Cooke (2009), that high frequency noise led to a raising of CoG and vowel formants. This is in 

contrast with other studies such as Mokbel’s (1992) finding of specific boosting only in those 

regions of maximum acoustic energy. Garnier and Henrich instead found female speakers to 

show greatest boosting in the range of 4-5 kHz and males in the range of 2-4 kHz, with females 

showing greater CoG increases than males both under broadband and cocktail party noise. Their 

final conclusions state that speakers appear to adopt increased vocal effort in order to maintain a 

positive signal-to-noise ratio, where increased vocal effort also corresponds to a flatter spectrum 

consistent with shouted speech, whether or not background noise is present (Rostolland, 1982; 

Schulman, 1989; Liénard and Di Benedetto, 1999; Traumüller and Erikkson, 2000). Garnier and 

Henrich did find specific frequency bypass strategies in use in the cocktail noise condition, 

however, such as adjusting F0 “so that [speakers’] most frequent f0 or 2f0 value was specifically 

adjusted in the frequency region where the CKTL noise presented a local minimum in energy” 

(Garnier & Henrich, 2014). A similar effect was found for F1 frequencies though this was 

restricted to high vowels [i] and [u]. These findings suggest that a broad understanding of 

boosting and bypass strategies is likely not fine-grained enough to capture the frequency-specific 

implementations of these strategies by speakers under different noise conditions, where certain 

important frequency bands (formants) may show boosting while others (F0) could be considered 

to show bypass. This is taken to indicate two levels of adaptation in LS, where the primary level 

is indeed global increases to vocal effort leading to global increases in intensity, flatter spectra, 

and raised characteristic frequencies (F0 and formants). The secondary level can be understood 

as the frequency-specific bypassing observed by speakers in cocktail noise. Ultimately, Garnier 

and Henrich’s work paints a picture of the LE that is layered and variable across speakers, 

https://www.sciencedirect.com/science/article/pii/S0885230813000557#bib0190
https://www.sciencedirect.com/science/article/pii/S0885230813000557#bib0195
https://www.sciencedirect.com/science/article/pii/S0885230813000557#bib0140
https://www.sciencedirect.com/science/article/pii/S0885230813000557#bib0140
https://www.sciencedirect.com/science/article/pii/S0885230813000557#bib0230
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dependent on noise type, sex, and communicative burden, as in previous work (Garnier and 

Henrich, 2010, 2014). 

2.5 Current study 
​ Despite numerous previous studies tailoring ambient noise to unique acoustic 

characteristics of individuals’ speech, no study to date has investigated a ‘second-order’ LE by 

tailoring noise to match acoustic characteristics of individuals’ Lombard pronunciations, ie. 

those already elicited under broadband/white noise. The point of this design is to assess a 

possible anticipatory nature of the LE which, as mentioned, has been shown to primarily function 

as a method of increasing speech intelligibility. Such design arises from a simple question; if the 

LE changes acoustic parameters of speech to increase intelligibility, what if ambient noise 

matches the acoustic characteristics of speech that has already been augmented? What sort of 

changes do speakers employ then? To employ the same acoustic changes/augmentations as 

manifest under broadband noise is to then majorly or totally overlap with the new noise 

condition (C3). Direct overlap leads to major/complete acoustic masking and is likely to directly 

impact the intelligibility of speech. This is of course counter to the presumed function of the LE 

as an unconscious and automatic vocal response in the presence of detractive environmental 

noise which increases speech intelligibility. If the same augmentations are manifest under this 

second-order condition (C3), it is evidence that the LE is not anticipatory of acoustic masking 

based on specific spectral characteristics of noise and the effect is not, for lack of a better word, 

multifaceted in this way. If it is anticipatory, however, speakers are expected to employ one of 

the aforementioned strategies to avoid increased masking based on the spectral characteristics of 

the new noise. 
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3 Methodology  

3.1 Participants 
A total of 10 L1 English speakers, 5 female and 5 male, participated in the study. Though 

L1 English was a criteria for eligibility, there was self-reported multilingualism by most 

participants (Appendix A for age and language distribution). All participants were in the age 

range of 18-30 years old. An age of 40 was chosen as the maximum age of participation so as to 

avoid any decreased sensitivity to higher-range frequencies due to age-related hearing decline 

which might affect perception of noise and therefore affect specific acoustic 

augmentations/changes in each condition (Lin, 2024). Participants were recruited through 

various means such as emails distributed to York University undergraduate students by 

third-parties or through recruitment posters on campus. A $10 inducement was offered for 

participation in the study.  

3.2 Targets 
Target words were minimal triplets of the form #SV(C)(C) which contrasted one of three 

English sibilant consonants /s z ʃ/ in word-initial, prevocalic position. This created minimal sets 

such as [sip, ship, zip]. Post-sibilant environment was controlled to one of five vowels from the 

English inventory /i ɪ u ɜ æ/. Participants were also presented with distractor items of the form 

#C[+continuant]VC(C) with the same five vowel nuclei. (Appendix C.1 for target words).  

​ Target words were not presented in carrier sentences so as to avoid any inadvertent focus 

prosody on the target item. This was crucial considering that English focus prosody typically 

involves systematic acoustic changes such as increased pitch, intensity and duration on the 

focused item (Kim & Arnhold, 2024, for example). Given the overlap with changes seen in 
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typical LS, focus prosody would have affected the acoustic characteristics of the sibilant 

consonants independently of the actual LE and confounded experimental results.  

​ Unique word lists were created for each participant based on a 30x30 Latin square 

design. Those orders used in the study were selected if they began with a distractor item; this was 

to ensure that the very first productions in each recording session were not target items 

(sibilant-initial words) as participants could modify their speaking volume or speech 

characteristics as they adjust to the experimental conditions. (Appendix C.2 for sample 

randomized word lists). Lists presented in C2 were in reverse order from those in C1. The same 

list given in C2 was presented in C3. 

3.3 Experimental Procedure 
For all experimental conditions, participants were seated in a sound-proof recording 

booth on Keele Campus while individual target words were presented on a laptop screen 

approximately 12 inches in front of participants. Audio was captured using a Sony F-730 

microphone placed approximately 4 inches in front of the speaker and was recorded in 

Audacity(R) v3.5.1 audio software with a sampling rate of 44.1kHz (Audacity Team, 2023). In 

all conditions, participants were instructed to speak in a normal and comfortable manner, with 

each word pronounced three times before moving to the next item. In order to impose a 

communicative burden, participants were instructed that the experimenter would be listening and 

writing each word as it was read aloud. This was an important condition as previous studies, in 

line with the intelligibility-based account arising elsewhere, found that word lists and lack of a 

communicative burden decreases elicitation of LS compared to interlocutory contexts where 

effective communication is a premium, even under the same noise condition (Garnier & Henrich, 

2014).  
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Condition 1 (C1) involved productions without any ambient noise. Condition 2 (C2) 

involved productions using the same randomized word list as in C1, though in reverse order, 

while white noise was played continuously to participants through Audio-Technica ATH-M50x 

headphones. Broadband noise (random Gaussian) was generated using Audacity audio software 

with a sampling rate of 44.1 kHz. Before beginning recording, participants were asked to listen 

to the white noise and set it to their maximum comfortable volume— this determined the volume 

that was used during C2. All participants stopped at or near the same volume, which was then 

approximated and standardized to 60dB for all trials. This same volume was then used in 

Condition 3 (C3). Productions in C2 amounted to typical LS and were analyzed in order to create 

the acoustic filters for C3 (see §3.4 for creation of acoustic filters and §3.5 for acoustic analysis 

procedure). 

Approximately two weeks after the initial recording session, participants returned to 

record in C3 in which they produced words in the same manner as C1 and C2. In this condition, 

participants listened to white noise passed through acoustic filters designed to match their 

previous Lombard sibilant productions from C2. Filtered noise was coordinated so as to match 

the target items as they were presented in the randomized lists; /s/-initial words were produced 

while speakers listened to their own unique /s/-filtered noise, /z/-initial words were produced 

under that speaker's unique /z/-filtered noise, and likewise for /ʃ/. Distractor items were produced 

while the speaker heard either white, pink, or blue noise that was randomly assigned to the 

distractor items. This was to reduce predictability of the noise conditions during productions of 

target sibilant items. For both C2 and C3 conditions, the same target sibilant never appeared 

more than twice in succession, meaning the same noise conditions in C3 also never appeared 

more than twice in succession.  
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3.4 Acoustic Filters 
To create the filtered noise, speaker-specific sibilant productions were grouped by 

consonant and the middle 50% of each sibilant consonant was concatenated to create three 

separate audio files. Using the middle 50% of each consonant for analysis and filter creation 

reduced transition effects such as slow onset of acoustic energy at the initiation of sibilant 

production or coarticulation effects of the following vowel. For each file, a spectral envelope was 

created using Praat’s built-in LPC generation function. LPC generation used Praat’s standard 

settings (window length of 0.025s, time step of 0.005s, pre-emphasis frequency of 50 Hz). A 

prediction order of 18 was used as this provided a balanced approximation of the recorded 

sibilant productions without overfitting and capturing noise, where small amounts of ambient 

noise during speech are incorporated into the LPC and affect the overall spectral shape. 

The generated LPC was converted to a spectrum and then back to sound with a sampling 

rate of 44.1 kHz. The sound was then convolved with the white noise samples used in C2 

productions to create audio files that were 10 seconds in length. This created three unique filters 

for each speaker for a total of 30 different, sibilant-like static noises.  

Figure 6. Spectrum of one speaker’s concatenated /s/ productions. 
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Figure 7. Spectrum derived from LPC of the spectrum shown in Fig. 6. 

Figure 8.  Spectrum of sibilant-shaped noise for one speaker, created by convolving the 
LPC spectrum from Fig. 7 with white noise 

The synthesized noises were then manually volume-corrected by the experimenter using 

Audacity software to match the perceived volume of the white noise audio. This was to counter 

biases in human hearing in which perceived loudness does not vary linearly with frequency. The 

ISO 226 is a standardized equal-loudness contour, revised in 2023, which shows greatest hearing 

sensitivity to frequencies in the range of 2-5 kHz ie. in the range of typical speech (International 
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Organization for Standardization [ISO], 2023). As the generated sibilant-shaped noises contained 

mostly high frequencies above the 2-5 kHz range, the intensity of generated noise had to be 

increased for all participants in order to match the perceived volume of the white noise used in 

C2.  

To ensure validity of the synthesized audio and faithfulness to participant’s average 

sibilant pronunciations, certain productions from C2 were discarded by the experimenter and not 

used in the filter-creation process. Discarding was either due to clear mispronunciation of target 

items, such as the voiceless alveolar fricative /s/ being pronounced as a postalveolar [ʃ], or 

hesitation by the speaker leading to drastically reduced amplitude or unstable articulation of 

target items. Of the cumulative 450 tokens produced in the white noise condition across 

speakers, three were discarded. 

Figure 9.  Two discarded pronunciations of ‘sag’ by one speaker in C2. Sag2.1 was 
pronounced as a postalveolar /ʃ/ based on the lower CoG consistent with that speaker’s 
pronunciation of the postalveolar sibilant in other target words, as well as the 
experimenter’s perception of the pronunciation. The next token, Sag2.2, shows clear 
inconsistencies in intensity and frequency across the sibilant segment as evident in both 
the oscillogram and spectrogram. Perceptually, it seems the participant noted their 
mispronunciation in Sag2.1 upon beginning Sag2.2 and faltered/hesitated, leading to 
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unstable pronunciation and correction. Sag2.3 showed a more typical alveolar /s/ 
pronunciation and was included in the LPC generation process. 

3.5 Acoustic Analysis Procedure 
To analyze the spectral characteristics of participants’ speech, recordings from C2 were 

loaded in Praat acoustic software v3.5.1 (Boersma & Weenink, 1999) and a textgrid was created 

to demarcate the beginning and end of each sibilant consonant. Sibilant onset was defined by the 

initiation of high-frequency acoustic energy as evident in the spectrogram and initiation of 

aperiodic turbulent airflow as evident in the waveform. Sibilant offset was defined as the 

initiation of the following vowel, marked by offset/diminishing of high frequency energy in the 

spectrogram, a loss of aperiodicity and initiation of periodicity in the oscillogram. Using these 

demarcations, the middle 50% of each sibilant consonant was derived based on the segment’s 

total duration. This was to ensure the transitions in and out of the sibilant consonant were not 

included in the acoustic analysis. The first four spectral moments, segment duration, and peak 

frequency were calculated for these middle 50% windows using Praat’s in-built measurement 

mechanics and automated with a Praat script (Appendix E).  

An important consideration in the spectral analysis of sibilant consonants is the restriction 

of the analysis functions above a particular frequency floor. When deriving CoG and peak 

frequency, for example, the voicing parameter of voiced segments such as /z/ can confound 

calculations and result in anomalous measurements such as a CoG in the 200-500 Hz range. 

Based on previous frequency ranges of typical sibilants (Boersma & Hamann, 2008) a floor of 2 

kHz was chosen for spectral analysis.  
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3.6 Statistical Analysis Procedure 

Data was analyzed using linear mixed effects models in R with each of the six acoustic 

measures serving as dependent variables (DV) while segment and condition served as 

independent variables (IV). Models used the formula DV ~ seg * cond + (1 | sub_rank) in R’s 

lme4 package where sub_rank is a random intercept accounting for repeated measures for 

individual participants (Bates et al., 2014, 2015). A Type III 2-way ANOVA was used to assess 

statistical significance with Satterthwaite approximation for degrees of freedom (lmerTest 

package; Kuznetsova et al., 2017). Post-hoc pairwise comparisons used the Tukey method to 

adjust for multiple comparisons within each family of three estimates (Tukey 1949) and the 

Kenward-Roger method was used to calculate degrees of freedom (Kenward & Roger, 1997). 

4 Results 
Duration showed statistically significant changes across experimental conditions, with the 

broadband noise condition eliciting greatest duration for all segments. Peak frequency shows a 

small yet significant change for all segments with the greatest increase under C3. Centre of 

Gravity and SD did not show statistically significant changes across experimental conditions, 

suggesting the first and second spectral moments are not particularly mutable under different 

noise conditions. Skewness showed very significant changes across conditions, with C3 eliciting 

drastically lower skewness for all segments compared to C1. Kurtosis also showed significant 

changes across conditions, though it is highly variable with each of the three sibilants showing 

very different patterns across conditions. Overall, data suggests a spectral sensitivity effect is 

restricted to peak frequency, skewness, and kurtosis. Important to consider however is the limited 

sample size, which reduces the authority of significance thresholds. Though pairwise 
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comparisons may not indicate statistical significance, there are still notable trends in the data 

which may be more pronounced with larger participant pools, such as the increase in CoG across 

experimental conditions. Figures 10-16 show Estimated Marginal Means (EMM) for each of the 

six measures.  

4.1 Duration  

 
Figure 10. Estimated marginal means (EMM) of duration for target sibilants. 

ANOVA indicates a significant effect of condition on duration (F(2,1327) = 33.168, p<0.01), 

with C2 showing the greatest duration for all three segments and C1 showing the least. An 
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interaction effect was also found (F(4,1327) = 3.1211, p<0.05). Post-hoc tests show that segment 

/s/ had a significant increase in duration from C1 to C2 (p<0.0001) but not in C3. Segment /ʃ/ 

showed a significant increase from C1 to C2 (p<0.0001) as well as from C1 to C3 (p<0.001). 

Segment /z/ did not show a significant change in C2 or C3, suggesting little to no change in 

duration. The significant increases in C2 for /s/ and /ʃ/ may be due to the experimental procedure 

in which C1 and C2 were completed consecutively while C3 was completed in isolation. The 

stark difference between quiet and noisy environments in a single sitting may have led to a 

dramatic increase in duration from C1 to C2 compared to the lesser increase from C1 to C3. It 

should be noted that C3 did still show greater duration than the quiet condition, C1, consistent 

with general findings that ambient noise leads to greater segment durations compared to quiet 

conditions. Given that such increases to duration are uncontested in the literature, duration was 

only a supplementary measurement in this experiment, though it remains useful in verifying the 

presence of temporal effects elicited under different noise conditions.  
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4.2 Peak Frequency  
​

Figure 11. EMM of peak frequency for target sibilants. 

Both alveolar sibilants show roughly equal peak frequencies in all conditions which follows from 

the fact that oral configurations are the same. The voiceless postalveolar has much lower peak 

frequencies in all conditions which is consistent with a weaker, more posterior oral constriction 

creating larger prelingual and sublingual cavities. Peak frequency shows a positive trend across 

conditions for all segments, though with varying degrees of statistical significance. ANOVA 

indicates that condition had a significant effect on peak frequency (F(2,1327) = 6.4447, p= 

<0.01), but no interaction effect was found. Segment /s/ showed a significantly higher peak from 
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C2 to C3 (p<0.05) but not from C1 to C2. Segment /ʃ/ had a significant increase between C1 and 

C3 (p<0.05), though not between C1 and C2 or C2 and C3. The increase in duration from C1 to 

C3 for segment /z/ approaches statistical significance but does not quite meet the threshold 

(p=0.5096).  

4.3 Spectral Moments 

4.3.1 Centre of Gravity 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 12. EMM of centre of gravity for target sibilants. 
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Average CoG for segment /s/ and /ʃ/ are consistent with typical acoustic characteristics whereby 

the alveolar sibilant is higher than the postalveolar. Segment /z/ has an average CoG near that of 

/ʃ/ though with the greatest data range of the three sibilants. This is likely the result of the 

voicing parameter which is variable independently of the high-frequency frication and thus 

contributes to the broad data range. Statistically, a non-significant raising of CoG was found 

across experimental conditions, though not uniformly across all segments. The only statistically 

significant increase was found for segment /z/ between C1 and C2, showing an increase in CoG 

by 326 Hz (p<0.05). C3 did not show a significant increase compared to quiet or broadband 

conditions for any segment. ANOVA results indicate a significant main effect of condition (F(2, 

1327) = 4.98, p<0.01) though this is not reflected in any pairwise comparisons. No interaction 

effect was found between segment and condition. 
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4.3.2 Standard Deviation 

Figure 13. EMM of standard deviation for target sibilants. 

Standard deviation was found to be quite variable across conditions, with the voiced sibilant 

showing a very broad data range. Again, the voicing parameter of /z/ contributes to more 

variable measurements, with greater SD corresponding to much greater diffusion of acoustic 

energy about the mean and /z/ showing highly significant changes across all conditions; C2 

elicited a lowering of SD by 150 Hz compared to quiet conditions (p=0.03) and C3 showed a 

raising of SD by 238 Hz (p<0.001) compared to quiet. Voiceless segments are more consistent, 

however, with non-significant changes across conditions. ANOVA indicates a significant effect 
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of condition (F(2,1327) = 6.73, p<0.01) as well as interaction effects (F(4,1327) = 7.78, 

p<0.001), though post-hoc tests show this is restricted to the voiced alveolar sibilant only.  

4.3.3 Skewness 

Figure 14. EMM of skewness for target sibilants. 

ANOVA revealed that experimental condition had a highly significant effect on skewness for all 

segments (F(2,1327) = 18.6977, p<0.001) with C3 eliciting significantly decreased skewness 

compared to quiet conditions. No interaction effect was found (F(4, 1327) = 0.7159, p>0.5). 

Post-hoc tests revealed segment /s/ only showed significant decrease from C1 to C3 (p<0.005) 

with C2 not significantly different from C1 (p=0.21). Segment /ʃ/ showed significant decreases 
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across all conditions, with C2 lowering skewness by 0.2953 (p<0.05) compared to C1 and C3 

lowering by 0.34 (p<0.05) compared to C1. C2 and C3 were not significantly different from each 

other (p>0.5). Segment /z/ showed a significant decrease in skewness from C1 to C3 

(p=<0.0001) and from C2 to C3 (p<0.05). 

4.3.4 Kurtosis 

 

 

 
 
 
 
 

 

 
 
 

 
​

Figure 16. EMM of kurtosis for target sibilants. 

Kurtosis was highly variable for all segments, each of which displaying different trends across 

conditions. ANOVA indicates that condition has a significant effect on kurtosis (F(2,1327) = 

13.5403, p<0.0001) and found an interaction effect between segment and condition (F(4,1327) = 
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4.8134, p<0.001). Pairwise comparisons show segment /s/ had a significantly lower kurtosis in 

C2 (p<0.05) and C3 (p<0.05) compared to C1. Segment /ʃ/ had a significant decrease from C1 to 

C2 (p<0.005) as well as from C1 to C3 (p<0.05) with C2 and C3 not significantly different from 

each other. Segment /z/ showed a significant decrease from C1 to C3 (p<0.001) and from C2 to 

C3 (p<0.0001) with C1 and C2 not significantly different from each other. Based on these 

comparisons, it may be concluded there is a weakly negative trend across conditions for all 

segments, though with high variability.  

4.4 Participant Spectra  
LPC was used to generate spectra for each participants’ average pronunciations in each 

condition, again derived from the middle 50% of each sibilant (as in the noise generation 

process). Figures 17-26 show spectra of average sibilant pronunciations from each speaker in all 

three conditions, as well as spectra of generated noise used in C3 for each participant. These 

visualizations help show the different frequency distributions in each condition, with C1 and C2 

sibilants often showing similar acoustic envelopes. That they are often very similar in shape is 

consistent with Garnier and Henrich’s boosting strategy in which global increases to vocal 

intensity lead to global increases to spectral measures and not any major redistributions of 

acoustic energy. Theoretically, this follows from the nature of white noise as containing all 

frequencies in the audible range (20 Hz - 20 kHz) whereby global increases are a simple and 

reliable means of overcoming acoustic masking; bypass strategies would theoretically be 

inadequate as there is no portion of the acoustic spectrum which is not crowded. Most important 

in the spectra are the difference in shape between noise spectra and C3 productions, 

representative of speakers’ attempts to overcome and avoid masking based on the 

speaker-specific noise. In this condition, notable redistributions of frequency can be seen 
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including the significant raising of peak frequency. This is represented in the spectra overlays by 

a right-shifted peak frequency compared to spectra of LPC-generated noise and C1/C2 

productions. Spectral overlays for each participant are presented in Figures 17-27 where black, 

blue and red lines represent productions in C1, C2, and C3, respectively. Speaker-specific noise 

is represented by a dashed green line which often appears with an extremely similar shape to C2 

spectra. As noise was generated by convolving C2 productions with white noise designed to be 

louder than participants’ speech, the resulting noise spectra are often higher in amplitude than 

sibilant spectra. Peak frequency for speaker-specific noise and for C3 productions are marked by 

a dotted vertical line. Frequency values for each peak are given under each plot. Not all 

participants showed changes to peak frequency or major redistributions of acoustic energy, 

however, with some speakers showing nearly identical spectra for sibilant productions across 

conditions; Participant 4 is a good example of such consistency, shown in Fig. 20.  

 

Figure 17. Participant 1 production spectra 
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Participant 1 shows very different spectral shapes for segments /s z/ compared to noise spectra, 

including a raising of peak frequency. It is interesting that the C3 peak frequencies roughly sit 

between two local maximums in the nearby range. For example, noise spectra for segment /s/ 

shows two high peaks on either side of the C3 peak— the noise peak at 7269 Hz and secondary 

peak near 9000Hz. Segment /ʃ/ does not show any significant shifting of peak frequency or 

redistribution of energy across all conditions, suggesting this speaker’s postalvolar sibilant is not 

particularly mutable under different noise conditions.  

 

 

Figure 18. Participant 2 production spectra 

 

 

This speaker shows clear energy redistributions for both alveolar sibilants, where C3 peak 

frequency is lowered compared to noise spectra. For segment /s/, productions in C1, C2, and 

noise spectra all show extremely similar spectral shapes while C3 has a notably lower peak 
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frequency, suggesting this speaker did employ intensity boosting strategies in C2 but employed 

frequency bypass strategies in C3. Segment /z/ shows a right shifted C2 spectra compared to C1, 

though spectral shape is overall very similar. This corresponds to a frequency shift but not global 

increases to intensity. Segment /ʃ/ shows nearly identical envelopes for all conditions which 

closely match the noise spectra.  

 

Figure 19. Participant 3 production spectra 

 

 

Participant 3 displays an increase to peak frequency for all segments in C3 compared to C2, as 

well as increased amplitude for frequencies above the peak. This was an interesting consistency 

to find as Participant 3 has a notable lisp, reflected both by listener perceptions of speech as well 

as spectral measurements; this subject consistently produced /s/ with higher SD and lower 

kurtosis compared to other speakers, representing a greater diffusion of acoustic energy about the 

mean and less peaked spectra in C1 conditions. This is consistent with other findings on the 
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spectral characteristics of sibilants produced by speakers with a lisp, where spectral moments 

have been used in clinical settings to non-invasively assess such speech impediments (Lowell, 

2011). The consistent raising of intensities and peaks in the high frequency range suggests a 

raising of CoG for all segments in C3. 

 

 

 

Figure 20. Participant 4 production spectra 

 

This speaker shows the most consistent productions across conditions, especially with respect to 

voiceless sibilants— spectral shapes are nearly identical across all three experimental conditions 

and closely resemble noise spectra; peak frequencies have remained almost entirely unchanged, 

with the greatest increase for segment /z/.The voiced alveolar does show some variability 

between quiet and noise conditions, however, where C2 and C3 productions show a higher peak 

frequency and greater amplitudes in the typical sibilant range of 2-9 kHz compared to C1 
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frequencies. C3 frequencies and intensities are slightly increased compared to C2 but overall 

maintain a very similar spectral shape. 

 

 

Figure 21. Participant 5 production spectra 

 

 
This speaker shows interesting redistributions of energy across conditions for all segments, 

where only the postalveolar /ʃ/ showed a raised C3 peak frequency compared to noise. In the 

typical sibilant frequency range, C3 frequencies above the peak also show greater intensity 

compared to C2 productions. Both alveolar sibilants show a decreased peak frequency in C3 

compared to other conditions and noise. For segment /s/, the C2 and C3 spectrum are also 

notably less peaked than C1, corresponding to slightly more diffuse energy about the mean. 

Segment /z/ shows the inverse, where C2 and C3 spectra are more peaked than C1. 
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Figure 22. Participant 6 production spectra 

 

 
Intensity and frequency both vary across noise conditions for all segments, with alveolars 

showing the greatest degree of change. Segment /ʃ/ shows similar frequency distributions in all 

conditions but shows a notably decreased intensity in C3 compared to C1 and C2. For all 

segments, all four spectra show at least two distinct peaks in the typical sibilant range of 2-9 

kHz. For segments /ʃ/ and /z/, however, there is alternation between which of the two peaks 

corresponds to the peak frequency in the C2/noise and C3 spectra. For example, C2 and noise 

spectra for /ʃ/ show a peak frequency near 5800 Hz and a secondary peak near 2500 Hz. In C3, 

2500 Hz is now the peak frequency and 5800 Hz has a lesser amplitude. Similar alternation 

occurs for /z/, where a secondary peak in C2/noise becomes the peak frequency in C3.  
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Figure 23. Participant 7 production spectra 

 

 
Speaker 7 shows some redistribution of energy and shifting of peak frequency, especially with 

respect to alveolar segments. Both /s/ and /z/ show increased peak frequencies compared to 

noise, with /z/ showing higher intensity in C3 for all frequencies above the peak. This spectrum 

is also notably more peaked compared to the C1 spectrum, while /s/ shows a less peaked 

distribution in C3 compared to C1 and C2. Segment /ʃ/ shows very similar spectra in all 

conditions and an insignificant raising of peak frequency in C3 compared to noise. Again, the 

postalveolar seems less mutable under noise compared to alveolars but does show higher 

amplitudes compared to C2 and C1 productions. This corresponds to global intensity increases 

without major alteration to frequency distribution, with C3 noise eliciting greater increases to 

amplitude compared to the white noise condition. 
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Figure 24. Participant 8 production spectra 

 
 

Segment /z/ shows the least degree of variability across conditions while the two voiceless 

sibilants show notable changes to frequency distribution and to intensity. The voiced sibilant 

shows a decrease in peak frequency in C3 compared to noise though it is still higher than in C2. 

Spectral shape is not drastically different, however, with two distinct peaks in the sibilant 

frequency range for C2, noise, and C3 spectra. Amplitudes are slightly reduced in this range 

compared to C1 and C2. Segment /s/ shows the most variability, with a decreased C3 peak 

frequency compared to other spectra and showing decreased amplitudes across most of the 

frequency range. There are also three distinct peaks in the C3 spectrum where other spectra show 

one. Segment /ʃ/ shows very similar peak frequencies in all three conditions which is incongruent 

with the generated noise, whose peak frequency corresponds to the secondary peak of the 

production spectra. Amplitudes for C3 spectra of all segments are consistently lower than that of 
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C2 and C1; this may be the result of some procedural error given the nature of the LE as in 

literature as well as elsewhere in this study as generally raising amplitudes.   

 

 

Figure 25. Participant 9 production spectra 

 

 

This speaker had rather consistent energy distributions across experimental conditions, with 

voiceless segments especially showing minor changes to frequency and/or amplitude. Segment 

/s/ had a peak frequency near 6500 Hz in C1 and C3 which in turn matches the peak frequency of 

speaker-specific noise. Frequencies above this peak have extremely similar amplitudes as in C2 

as well as similar frequency peaks. Segment /ʃ/ is similar in that peak frequency did not change 

across all conditions and also matches the peak of generated noise. Amplitudes in C3 are slightly 

increased compared to C1 and C2, especially where the spectrum has sharper peaks in the 2-7 

kHz range. Segment /z/ shows the greatest variation across experimental conditions, with a lower 

peak frequency compared to noise. This is the only segment to show noteworthy changes to peak 
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similar changes to the voiceless counterpart /s/, where the peak C3 frequency is slightly shifted 

but much sharper and greater in amplitude compared to noise. Here, the peak is slightly lowered 

but sits equidistant between two local maximums in C2/noise. Amplitude is greater across the 

lower half of the frequency range compared to other conditions. 

5 Discussion 
5.1 Spectral changes 

​ Data indicates statistically significant changes to peak frequency, skewness, and kurtosis 

under speaker-specific noise compared to broadband conditions, though the limited sample size 

should incite skepticism regarding the statistical insignificance of overall trends for other 

measures. For example, CoG raising did not meet the statistical significance threshold according 

to ANOVA and pairwise comparisons, though a clear upward trend can be seen in Fig. 12. Given 

the logical connection between peak frequency, which showed a statistically significant upward 

trend across conditions, and the CoG measure, an average of frequency distributions as a 

function of intensity, it is suspected that a greater sample size would reveal a statistically 

significant upward trend in CoG which corresponds to the upward trend in peak frequency. 

Articulatorily, a raising of peak frequency and CoG is consistent with a more anterior tongue 

position which forms a smaller prelingual cavity during sibilant productions compared to 

productions in quiet and broadband conditions. The raising of peak frequency while CoG 

remains stagnant logically indicates a redistribution of acoustic energy toward lower frequencies 

in the acoustic spectrum, though this is difficult to discern with current methods of analysis. 

Given the nature of the LE as generally raising prominent frequencies (such as increases to F1 

and F2), it is more likely that energy is not redistributed lower in the spectrum but that the lack 
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of significance of the CoG trend is a result of limited data. This is reinforced by findings of 

decreased skewness in C3 compared to C1— while segments are generally positively skewed in 

quiet conditions, a near-zero skewness in C3 indicates an upward redistribution of energy leading 

to more symmetrical spectral shapes. This should also contribute to a higher CoG consistent with 

boosting strategies and contrast with the downward redistribution of acoustic energy implied by 

a stagnant CoG. Examination of segment spectra also confirms this notion of upward 

redistribution, whereby C3 productions often show a right-shifted highest peak and higher SPL 

for frequencies above the peak. In conjunction, it can thus be indirectly concluded that 

frequencies are indeed slightly upwardly redistributed consistent with boosting strategies, though 

the degree to which CoG actually increases across conditions cannot be adequately discerned 

from these data.  

Because of the limited data size, statistical power (or lack thereof) is another reason why 

speaker-specific envelopes are important to analyze. Though statistical analysis indicates a 

weakly positive correlation for some of the six acoustic measures, visual analysis reveals the 

ways in which different speakers employ different strategies to overcome ambient noise in C3. 

Some participants show global increases to frequency and intensity while others might be seen as 

employing bypass strategies. Such distinctions are not necessarily clear or mutually exclusive, 

however, as some speakers’ changes to frequency and intensity occur quasi-independently. For 

example, C3 intensities in the lower half of the frequency range may be increased compared to 

noise/C2 though frequency distribution remains largely unchanged. Simultaneously, intensities at 

frequency peaks and troughs in the upper half of the frequency range may appear unchanged 

while energy is distributed among higher frequencies overall (ie. a rightward-shifted C3 

spectrum with similar peaks and troughs). Further, other speakers seem to not majorly alter 
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energy distributions across any noise conditions and show very consistent spectra for all 

segments, as in Fig. 20. The high degree of variability in speakers’ strategies thereby weakens 

the overall strength of trends which might be better understood with a more fine-grained 

categorization of speakers. Here, Garnier and Henrich’s multilayered understanding and 

distinctions between boosting and bypass might again become useful— some speakers such as 

participants 7 and 10 show clear global increases to amplitude and frequency across conditions 

as indicated by the spectral overlays in Fig. 23 and 26. Others, such as speakers 5 and 6, show 

C3 peaks in Fig. 21 and 22 where other conditions show troughs, indicating very particular 

redistributions of energy in order to bypass those noise frequencies where amplitude is greatest. 

Others still show changes which cannot be easily categorized, such as participant 9 (Fig. 25), 

while those such as participant 4 show little to no changes across conditions, as in Fig. 20.  

Results are therefore consistent with Garnier and Henrich’s (2014) findings that global increases 

to vocal effort translate to increased amplitudes and higher frequencies while subtle, secondary 

strategies are simultaneously engaged, especially in the lower half of frequency range. 

Duration, as a supplementary measure in this experiment, is helpful in verifying the 

temporal effects of noise on sibilant production but, as mentioned, is not a highly contested 

characteristic of the LE. In conjunction with other significant trends, especially decreased 

skewness, the increases to duration across noise conditions may be understood to indicate 

increasingly prolonged and stable sibilant articulation, whereby more typical and gradual onsets 

of turbulence generally lead to asymmetric distributions as discussed in §1.4. That skewness is 

reduced, in conjunction with duration increases, may also indicate a more instantaneous segment 

onset. Articulatorily, this follows from a stronger initial constriction which ensures earlier 

production of high frequency energy resulting from a narrower turbulent air channel. Compared 
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to the positively skewed (on average) spectra produced in quiet conditions, a weaker initial 

constriction which gradually strengthens across the sibilant duration (to some peak before 

weakening into segment offset) would explain why spectra are skewed toward lower frequencies 

in the 0-22.05 kHz frequency window. A more instantaneous onset might help explain, along 

with the upward frequency distributions, why lower frequencies are less prominent by the time 

the midpoint of segment production is reached. Articulatory stability is taken as the primary 

novel finding of this experiment in conjunction with confirmation of Garnier and Henrich’s 

multilayered strategy-based approach, where LS is adjusted in both frequency and temporal 

domains compared to speech in quiet. This experiment also confirmed the high degree of speaker 

variability in adopting these strategies and showed they are indeed implemented at a 

segment-specific level, at least with regard to sibilant consonants.  

5.2 Limitations 
LPC is one particular method of synthesizing speech that has been used in audio signal 

and speech processing for several decades (Atal & Remde, 1982; Valin & Skoglun, 2019). One 

of its major advantages is that it can synthesize based on actual audio input (ie. recordings of 

participants) and provides an adequately detailed approximation of the spectral envelope with 

distinct peaks. For sibilants, and fricatives more broadly, it may fall short in capturing variation 

across a segment’s duration (Hunt et al. 1989; Little et al. 2006). This is why the middle 50% of 

each target segment was used for generation as opposed to entire durations, as this provides a 

more stable spectral shape for analysis and replication. This study is also not particularly 

concerned with determining coarticulation effects of the vocalic nucleus but is focused on 

speaker-specific sibilants as a class, not particular phonetic/phonological environments. Other 

synthesis methods have their own advantages and disadvantages. For example, Butterworth 
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filters as used by Reilly (2020) are good for synthesizing sound which matched the general 

spectral shape of sibilant consonants but they are limited in their ability to replicate sharp and 

distinct peaks in the acoustic envelope and utilize maximally-smooth passbands which can result 

in temporal smearing and affecting intelligibility (Drullman et al., 1994; Elliott & Theunissen, 

2009). They are thus suitable for synthesizing sibilant sounds as a general class but are not as 

precise in their ability to replicate the minute differences which differentiate various sibilants 

produced by an individual speaker, especially considering coarticulation effects with the 

following vowel.  

Alternatively, noise could theoretically be synthesized to exactly match the spectral 

moments of productions in C2, though the issue of tailoring M3 and M4 to exact values while 

also matching M1 and M2 is an ongoing issue in the field of mathematics and audio engineering 

and is beyond the resources and scope of this investigation to solve or employ (see, for example, 

Nakamura et al., 2014; Takamichi et al., 2017; Henter et al., 2018).  

The LPC method used in this experiment has potential limitations regarding the voiced 

sibilant /z/, as the generated envelope is influenced by the F0 voicing parameter. This parameter 

is inconsistent both within and across speakers; some voiced alveolar pronunciations employ 

clear prevoicing before producing any sibilance while other consecutive tokens fully alternate 

between a voiced [z] and voiceless [s]. F0 was thus not consistent across the three repetitions in 

any one noise condition and further differed between target words. Voicing is further complicated 

when prosodic effects are considered, such as the use of list intonation (see Morrill et al., 2014; 

Grice et al., 2020; for example). A more robust method of accounting for F0 and its effect on 

LPC generation should be employed in future studies involving voiced sibilants such as /z/.  
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Coordination of sound to items could also be refined. Coarticulation due to the following 

vocalic environment can influence spectral characteristics of the preceding sibilant (for example, 

preemptive raising of the jaw to articulate high front vowel /i/ reduces size of the oral cavity 

which raises frequencies in the preceding sibilant). Though onsets and offsets of sibilants were 

not included in the analysis, the stable middle 50% may still be influenced by these 

coarticulation effects. Acoustic filters could be generated more specifically so as to match the SV 

pair and not the S pronunciations across vowel conditions.  

Volume normalization could also be refined. Due to the vastly different frequency content 

and distribution for each speaker’s sibilants, normalization methods such as equalizing LUF and 

RMS energy did not create volumes that were perceptually equal. Manual adjustment and 

quantitative normalization should be used in conjunction in future studies.   

Lastly, the participant pool should be expanded and refined to better control for 

multilingual confounds and age.   

5.3  Directions for Future Work  
Continuations of this work should verify the restriction of significant noise condition effects to 

measures of peak frequency, skewness, and kurtosis; it may be that trends in CoG and SD simply 

require a larger sample size to be recognized as statistically significant. The primary conclusion 

that decreased skewness corresponds to increasing stable articulations, while true in theory, could 

be vetted with use of ultrasonic imagery or other methods which are sensitive to changes in oral 

articulation across segment durations. First and foremost, however, the noise generation process 

should be refined and better controlled to account for nucleic environment and co-articulation 

effects. Additionally, communicative burden should be made more salient by introducing an 
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interlocutor to the immediate speaking environment and by performing cooperative 

communication tasks instead of reading from word lists. 

6 Conclusions 
Weak/moderate effects restricted to secondary spectral measures (M3/M4) suggest that 

when exposed to speaker-specific noise, overall spectral shape does not largely change but 

energy is more balanced and symmetric. In conjunction with greater duration, articulations might 

be becoming more stable for a longer period such that sibilant productions are more careful and 

persistent. This ensures that the speech signal is better established amongst the noise signal 

without drastically changing overall acoustic characteristics. Though intensity was not measured, 

global increases to vocal effort would raise CoG more than was found here despite the observed 

raising of peak frequency. Combined with secondary acoustic augmentation, this is taken to 

suggest that global boosting strategies are indeed implemented but only to the extent where 

overall spectral shape and key acoustic characteristics can be preserved, thus ensuring 

intelligibility and a positive signal-to-noise ratio are maintained. To return to the primary 

research question of this experiment— these changes do indeed differentiate productions under 

speaker-specific noise from those in the broadband condition, suggesting that the LE is 

multifaceted and, at the very least, displays a weak to moderate spectral sensitivity in some 

speakers. The manner in which this sensitivity manifests is highly speaker-dependent.  
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Appendix A.1 Participant Distribution 

Participant Sex Age Additional languages spoken; Fluency (1-5) 

1 F 25 N/A 

2 M 22 Somali; 2 

3 M 22 Arabic; 5 

4 M 22 Spanish; 4 

5 F 18 N/A 

6 M 22 Classical Arabic; 3 

7 F 20 Farsi; 5 
French; 1 

8 F 20 French; 5 

9 F 24 Spanish; 5 
French; 3.5 
German; 3 

10 M 29 French; 4 
Italian; 3 
Irish; 2 

 

Appendix A.2. Average Participant Age 

 Average Age 

Sex Mean Median Mode 

F 21.4 years 20 20 

M 23.4 years 22 22 
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Appendix B. Background Questionnaire 
Participant Background Questionnaire 

1.​ Name: ​​ ​ ​ ​ ​ ​ ​ ​ ​  

2.​ Date of Birth (mm/dd/year):​ ​ /​ /​ ​ ​ ​  

3.​ Location of Birth: ​ ​ ​ ​ ​ ​ ​  

4.​ Sex:​ ​ ​ ​ ​  

5.​ Is English your first language?​ *Yes / No 
*participation in this study is contingent on your status as a native English speaker 

6.​ Do you speak any other languages? If so, please indicate which languages and your level of 

proficiency from 1-5: 

​ ​  |​ ​ ​ ​  |​ ​ ​ ​  |​  
​ ​ 1​ ​ ​ ​ 3​ ​ ​ ​ 5 

         Basic​ ​ ​  Conversational​ ​   Native-fluency 

(i) Language:​ ​ ​ ​ ​ Proficiency: ​ ​  

(ii) Language:  ​​ ​ ​ ​ Proficiency: ​ ​ ​ ​  

(iii) Language: ​ ​ ​ ​ ​ Proficiency: ​ ​  

7.​ How did you learn these languages (ie. through family, standard school curriculum, 

independent study, etc.)? Please indicate for each language other than English. 

(i)    L:   ​ ​ ​  ​ Acquisition: ​ ​ ​ ​ ​  

(ii)   L:  ​ ​ ​ ​  ​ Acquisition: ​ ​ ​ ​ ​  

(iii)  L: ​​ ​ ​ ​ Acquisition: ​ ​ ​ ​ ​  

8.​ Do you have any clinically diagnosed hearing impairments/conditions, auditory processing 

disorders, or use hearing aids? If so, please specify: 

​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​  

9.​ Do you have any familiarity or past experience with linguistics experiments?  

​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​  
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Appendix C.1 Target Words 

 Target items Distractor items  

 / s / / z / / ʃ / /f/ /θ/ /w/ /l/ /r/ 

/ i /  seal zeal shield  theme wheel leer  

/ ɪ /  sip zip ship  fin thin  lift  

/ u / sue zoo shoe     room 

/ ɜ /  said zed shed  them well leg red 

/ æ / sag zag shag fall  wall   

/ʌ /    fun    run 

Appendix C.2. Sample Word Lists 

Subject Word List 

1 fin, room, shag, sue, seal, zeal, fall, sag, said, them, red, well, wheel, run, thin, zag, 
shield, zed, leg, sip, fun, shed, shoe, leer, zoo, zip, ship, wall, lift, theme 

2 them, well, sag, run, zeal, zag, sue, zed, room, sip, fin, shed, shag, leer, seal, zip, 
fall, wall, said, theme, red, lift, wheel, ship, thin, zoo, shield, shoe, leg, fun 

3 room, sue, fin, zeal, shag, sag, seal, them, fall, well, said, run, red, zag, wheel, zed, 
thin, sip, shield, shed, leg, leer, fun, zip, shoe, wall, zoo, theme, ship, lift 

4 well, run, them, zag, sag, zed, zeal, sip, sue, shed, room, leer, fin, zip, shag, wall, 
seal, theme, fall, lift, said, ship, red, zoo, wheel, shoe, thin, fun, shield, leg 

5 run, zag, well, zed, them, sip, sag, shed, zeal, leer, sue, zip, room, wall, fin, theme, 
shag, lift, seal, ship, fall, zoo, said, shoe, red, fun, wheel, leg, thin, shield 
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Appendix E. Code for Spectral Measurements 
# Configuration form 

form Spectral Moments and Peak Frequency Analysis (Using Built-in Functions) 

    comment TextGrid tier to analyze (tier number): 

    positive tier_number 1 

    comment Analyze only non-empty intervals? (1=yes, 0=no): 

    boolean non_empty_only 1 

    comment Minimum frequency for peak detection (Hz): 

    positive minimum_peak_frequency 2000 

    comment Save results to file? (1=yes, 0=no): 

    boolean save_to_file 0 

    comment Output file name (if saving): 

    text output_file spectral_moments_results.txt 

endform 

 

# Check that correct objects are selected 

numberOfSelectedSounds = numberOfSelected("Sound") 

numberOfSelectedTextGrids = numberOfSelected("TextGrid") 

 

if numberOfSelectedSounds = 0 

    exitScript: "Please select a Sound object." 

elsif numberOfSelectedSounds > 1 

    exitScript: "Please select only one Sound object." 

endif 

 

if numberOfSelectedTextGrids = 0 

    exitScript: "Please select a TextGrid object." 

elsif numberOfSelectedTextGrids > 1 

    exitScript: "Please select only one TextGrid object." 

endif 

 

# Get selected objects 

soundObject = selected("Sound") 

textGridObject = selected("TextGrid") 

soundName$ = selected$("Sound") 

textGridName$ = selected$("TextGrid") 

 

# Initialize results display 

writeInfoLine: "Spectral Moments and Peak Frequency Analysis (Using Built-in Functions)" 

appendInfoLine: 

"===============================================================================" 

appendInfoLine: "Sound: ", soundName$ 

appendInfoLine: "TextGrid: ", textGridName$ 

appendInfoLine: "Tier: ", tier_number 

appendInfoLine: "Spectral moments calculated with Power = 2 across entire intervals" 

appendInfoLine: "Peak frequency search range: ", minimum_peak_frequency, " Hz and above" 

appendInfoLine: "" 

 

# Initialize output file if requested 

if save_to_file 
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    writeFile: output_file$, "Sound", tab$, "TextGrid", tab$, "Interval", tab$, "Label", tab$, 

"Start_Time", tab$, "End_Time", tab$, "Duration", tab$, "Peak_Frequency", tab$, 

"Centre_of_Gravity", tab$, "Standard_Deviation", tab$, "Skewness", tab$, "Kurtosis", newline$ 

endif 

 

# Get number of intervals in specified tier 

select textGridObject 

numberOfIntervals = Get number of intervals: tier_number 

 

if numberOfIntervals = 0 

    exitScript: "No intervals found in tier ", tier_number 

endif 

 

appendInfoLine: "Processing ", numberOfIntervals, " intervals..." 

appendInfoLine: "" 

 

# Column headers for Info window display 

appendInfoLine: "Int.", tab$, "Label", tab$, "Start", tab$, "End", tab$, "Dur.", tab$, "Peak", 

tab$, "CoG", tab$, "SD", tab$, "Skew", tab$, "Kurt" 

appendInfoLine: "----", tab$, "-----", tab$, "-----", tab$, "---", tab$, "----", tab$, "----", 

tab$, "---", tab$, "--", tab$, "----", tab$, "----" 

 

# Process each interval 

validIntervals = 0 

for interval from 1 to numberOfIntervals 

    select textGridObject 

     

    # Get interval information 

    startTime = Get start time of interval: tier_number, interval 

    endTime = Get end time of interval: tier_number, interval 

    label$ = Get label of interval: tier_number, interval 

    duration = endTime - startTime 

     

    # Skip empty intervals if requested 

    if non_empty_only and label$ = "" 

        # Skip this interval 

    else 

        # Check if interval has minimum duration for analysis 

        if duration >= 0.001 

            validIntervals += 1 

             

            # Extract the entire interval for analysis 

            select soundObject 

            Extract part: startTime, endTime, "rectangular", 1, 0 

            tempSound = selected("Sound") 

             

            # Create spectrum 

            To Spectrum: "yes" 

            spectrum = selected("Spectrum") 

             

            # Calculate spectral moments using built-in functions with Power = 2 

            centreOfGravity = Get centre of gravity... 2 

            standardDeviation = Get standard deviation... 2 
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            skewness = Get skewness... 2 

            kurtosis = Get kurtosis... 2 

             

            # Find peak frequency with frequency restriction 

            call findPeakFrequency 

             

            # Display results in Info window 

            appendInfoLine: interval, tab$, label$, tab$, fixed$(startTime, 2), tab$, 

fixed$(endTime, 2), tab$, fixed$(duration, 2), tab$, fixed$(peakFrequency, 0), tab$, 

fixed$(centreOfGravity, 0), tab$, fixed$(standardDeviation, 0), tab$, fixed$(skewness, 2), 

tab$, fixed$(kurtosis, 2) 

             

            # Save to file if requested 

            if save_to_file 

                appendFile: output_file$, soundName$, tab$, textGridName$, tab$, interval, 

tab$, label$, tab$, fixed$(startTime, 3), tab$, fixed$(endTime, 3), tab$, fixed$(duration, 3), 

tab$, fixed$(peakFrequency, 2), tab$, fixed$(centreOfGravity, 2), tab$, 

fixed$(standardDeviation, 2), tab$, fixed$(skewness, 4), tab$, fixed$(kurtosis, 4), newline$ 

            endif 

             

            # Clean up temporary objects 

            select tempSound 

            Remove 

            select spectrum 

            Remove 

        else 

            appendInfoLine: interval, tab$, label$, tab$, fixed$(startTime, 2), tab$, 

fixed$(endTime, 2), tab$, fixed$(duration, 2), tab$, "SKIP (too short < 1ms)" 

        endif 

    endif 

endfor 

 

appendInfoLine: "" 

appendInfoLine: "Analysis complete!" 

appendInfoLine: "Valid intervals analyzed: ", validIntervals, " of ", numberOfIntervals 

appendInfoLine: "Note: Spectral moments calculated over full spectrum with Power = 2 across 

entire intervals" 

appendInfoLine: "Peak frequency searched only above ", minimum_peak_frequency, " Hz" 

 

if save_to_file 

    appendInfoLine: "Results saved to: ", output_file$ 

endif 

 

# Restore original selection 

select soundObject 

plus textGridObject 

 

# Procedure to find peak frequency with frequency restrictions 

procedure findPeakFrequency 

    # Get spectrum information 

    numberOfBins = Get number of bins 

    lowestFrequency = Get lowest frequency 

    highestFrequency = Get highest frequency 
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    frequencyStep = Get bin width 

     

    # Variables for peak frequency (with frequency restriction) 

    maxPower = 0 

    peakFrequency = minimum_peak_frequency 

    peakFound = 0 

     

    # Find peak frequency in restricted range 

    for bin from 1 to numberOfBins 

        frequency = lowestFrequency + (bin - 1) * frequencyStep 

         

        # Only consider frequencies above minimum threshold 

        if frequency >= minimum_peak_frequency 

            realPart = Get real value in bin: bin 

            imagPart = Get imaginary value in bin: bin 

            power = realPart^2 + imagPart^2 

             

            if power > maxPower 

                maxPower = power 

                peakFrequency = frequency 

                peakFound = 1 

            endif 

        endif 

    endfor 

     

    # If no peak found in range, use minimum frequency 

    if peakFound = 0 

        peakFrequency = minimum_peak_frequency 

    endif 

endproc 

 

# Notes: 

# - Uses Praat's built-in spectral moment functions with Power = 2 

# - Built-in functions calculate over the full spectrum (no frequency restrictions) 

# - Results will match manually clicking "Get centre of gravity...", etc. with Power = 2 

# - Peak frequency detection uses manual calculation for frequency range restriction 

# - Empty intervals and intervals shorter than the analysis window are skipped 
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Appendix F. Code for Statistical Analysis 
andrew_data <- read.csv("ForAnalysis_sorted.csv", header = TRUE) 

library(lme4) 

library(dplyr) 

andrew_data <- andrew_data %>%  

  mutate(sub_rank = dense_rank(sub)) %>% 

  mutate(seg = ifelse(seg == "sh", "ʃ", seg)) 
library(lmerTest) 

library(dplyr) 

library(ggplot2) 

library(emmeans) 

library(gridExtra) 

 

# Check what condition values exist in the data 

print("Unique condition values:") 

print(unique(andrew_data$cond)) 

print("Data structure:") 

str(andrew_data$cond) 

 

###################################COG#################### 

#cog model 

model_cog <- lmer(cog ~ seg * cond + (1|sub_rank), data = andrew_data) 

summary(model_cog) 

anova(model_cog) 

 

# estimate means for statistical comparisons 

emm_interaction <- emmeans(model_cog, ~ seg * cond) 

emm_segment <- emmeans(model_cog, ~ seg) 

emm_condition <- emmeans(model_cog, ~ cond) 

 

# Create notched box plot using raw data 

cog_interaction <- ggplot(andrew_data, aes(x = seg, y = cog, fill = cond)) + 

  geom_boxplot(notch = TRUE, outlier.shape = NA, position = position_dodge(width = 0.8)) + 

  scale_fill_manual(values = c("c1" = "black", "c2" = "blue", "c3" = "red"), 

                    labels = c("c1" = "C1", "c2" = "C2", "c3" = "C3")) + 

  scale_x_discrete(expand = expansion(mult = c(-0.1, 0.2))) + 

  labs(title = bquote("Centre of Gravity - " ~ scriptstyle(italic("Segment × Condition 

Interaction"))), 

       x = "Segment", y = "COG", 

       fill = "Condition") + 

  theme_minimal() + 

  theme(legend.position = "bottom") 

cog_interaction 

 

# pairwise comparisons 

s_comparison <- emmeans(model_cog, ~ cond | seg) 

s_pairs <- pairs(s_comparison) 

print("Pairwise comparisons within each segment:") 

print(s_pairs) 

 

###################################SKEWNESS################ 

#skewness model 
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model_skew <- lmer(skew ~ seg * cond + (1|sub_rank), data = andrew_data) 

summary(model_skew) 

anova(model_skew) 

 

# marginal means for statistical comparisons 

emm_interaction_skew <- emmeans(model_skew, ~ seg * cond) 

emm_segment_skew <- emmeans(model_skew, ~ seg) 

emm_condition_skew <- emmeans(model_skew, ~ cond) 

 

# Create notched box plot using raw data 

skew_interaction <- ggplot(andrew_data, aes(x = seg, y = skew, fill = cond)) + 

  geom_boxplot(notch = TRUE, outlier.shape = NA, position = position_dodge(width = 0.8)) + 

  scale_fill_manual(values = c("c1" = "black", "c2" = "blue", "c3" = "red"), 

                    labels = c("c1" = "C1", "c2" = "C2", "c3" = "C3")) + 

  scale_x_discrete(expand = expansion(mult = c(-0.1, 0.2))) + 

  ylim(0, 6) + 

  labs(title = bquote("Skewness - " ~ scriptstyle(italic("Segment × Condition Interaction"))), 

       x = "Segment", y = "Skewness", 

       fill = "Condition") + 

  theme_minimal() + 

  theme(legend.position = "bottom") 

skew_interaction 

 

# pairwise comparisons 

s_comparison_skew <- emmeans(model_skew, ~ cond | seg) 

s_pairs_skew <- pairs(s_comparison_skew) 

print("Pairwise comparisons within each segment:") 

print(s_pairs_skew) 

 

###################################DURATION################ 

#duration model 

model_dur <- lmer(dur ~ seg * cond + (1|sub_rank), data = andrew_data) 

summary(model_dur) 

anova(model_dur) 

 

# marginal means for statistical comparisons 

emm_interaction_dur <- emmeans(model_dur, ~ seg * cond) 

emm_segment_dur <- emmeans(model_dur, ~ seg) 

emm_condition_dur <- emmeans(model_dur, ~ cond) 

 

# Create notched box plot using raw data 

dur_interaction <- ggplot(andrew_data, aes(x = seg, y = dur, fill = cond)) + 

  geom_boxplot(notch = TRUE, outlier.shape = NA, position = position_dodge(width = 0.8)) + 

  scale_fill_manual(values = c("c1" = "black", "c2" = "blue", "c3" = "red"), 

                    labels = c("c1" = "C1", "c2" = "C2", "c3" = "C3")) + 

  scale_x_discrete(expand = expansion(mult = c(-0.1, 0.2))) + 

  labs(title = bquote("Duration - " ~ scriptstyle(italic("Segment × Condition Interaction"))), 

       x = "Segment", y = "Duration", 

       fill = "Condition") + 

  theme_minimal() + 

  theme(legend.position = "bottom") 

dur_interaction 
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# pairwise comparisons 

s_comparison_dur <- emmeans(model_dur, ~ cond | seg) 

s_pairs_dur <- pairs(s_comparison_dur) 

print("Pairwise comparisons within each segment:") 

print(s_pairs_dur) 

 

###################################PEAK################ 

#peak model 

model_peak <- lmer(peak ~ seg * cond + (1|sub_rank), data = andrew_data) 

summary(model_peak) 

anova(model_peak) 

 

# marginal means for statistical comparisons 

emm_interaction_peak <- emmeans(model_peak, ~ seg * cond) 

emm_segment_peak <- emmeans(model_peak, ~ seg) 

emm_condition_peak <- emmeans(model_peak, ~ cond) 

 

# Create notched box plot using raw data 

peak_interaction <- ggplot(andrew_data, aes(x = seg, y = peak, fill = cond)) + 

  geom_boxplot(notch = TRUE, outlier.shape = NA, position = position_dodge(width = 0.8)) + 

  scale_fill_manual(values = c("c1" = "black", "c2" = "blue", "c3" = "red"), 

                    labels = c("c1" = "C1", "c2" = "C2", "c3" = "C3")) + 

  scale_x_discrete(expand = expansion(mult = c(-0.1, 0.2))) + 

  labs(title = bquote("Peak - " ~ scriptstyle(italic("Segment × Condition Interaction"))), 

       x = "Segment", y = "Peak", 

       fill = "Condition") + 

  theme_minimal() + 

  theme(legend.position = "bottom") 

peak_interaction 

 

# pairwise comparisons 

s_comparison_peak <- emmeans(model_peak, ~ cond | seg) 

s_pairs_peak <- pairs(s_comparison_peak) 

print("Pairwise comparisons within each segment:") 

print(s_pairs_peak) 

 

###################################STANDARD DEVIATION################ 

#standard deviation model 

model_sd <- lmer(sd ~ seg * cond + (1|sub_rank), data = andrew_data) 

summary(model_sd) 

anova(model_sd) 

 

# marginal means for statistical comparisons 

emm_interaction_sd <- emmeans(model_sd, ~ seg * cond) 

emm_segment_sd <- emmeans(model_sd, ~ seg) 

emm_condition_sd <- emmeans(model_sd, ~ cond) 

 

# Create notched box plot using raw data 

sd_interaction <- ggplot(andrew_data, aes(x = seg, y = sd, fill = cond)) + 

  geom_boxplot(notch = TRUE, outlier.shape = NA, position = position_dodge(width = 0.8)) + 

  scale_fill_manual(values = c("c1" = "black", "c2" = "blue", "c3" = "red"), 

                    labels = c("c1" = "C1", "c2" = "C2", "c3" = "C3")) + 

  scale_x_discrete(expand = expansion(mult = c(-0.1, 0.2))) + 
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  labs(title = bquote("Standard Deviation - " ~ scriptstyle(italic("Segment × Condition 

Interaction"))), 

       x = "Segment", y = "Standard Deviation", 

       fill = "Condition") + 

  theme_minimal() + 

  theme(legend.position = "bottom") 

sd_interaction 

 

# pairwise comparisons 

s_comparison_sd <- emmeans(model_sd, ~ cond | seg) 

s_pairs_sd <- pairs(s_comparison_sd) 

print("Pairwise comparisons within each segment:") 

print(s_pairs_sd) 

 

###################################KURTOSIS################ 

#kurtosis model 

model_kurt <- lmer(kurt ~ seg * cond + (1|sub_rank), data = andrew_data) 

summary(model_kurt) 

anova(model_kurt) 

 

# marginal means for statistical comparisons 

emm_interaction_kurt <- emmeans(model_kurt, ~ seg * cond) 

emm_segment_kurt <- emmeans(model_kurt, ~ seg) 

emm_condition_kurt <- emmeans(model_kurt, ~ cond) 

 

# Create notched box plot using raw data 

kurt_interaction <- ggplot(andrew_data, aes(x = seg, y = kurt, fill = cond)) + 

  geom_boxplot(notch = TRUE, outlier.shape = NA, position = position_dodge(width = 0.8)) + 

  scale_fill_manual(values = c("c1" = "black", "c2" = "blue", "c3" = "red"), 

                    labels = c("c1" = "C1", "c2" = "C2", "c3" = "C3")) + 

  scale_x_discrete(expand = expansion(mult = c(-0.1, 0.2))) + 

  ylim(0, 25) + 

  labs(title = bquote("Kurtosis - " ~ scriptstyle(italic("Segment × Condition Interaction"))), 

       x = "Segment", y = "Kurtosis", 

       fill = "Condition") + 

  theme_minimal() + 

  theme(legend.position = "bottom") 

kurt_interaction 

 

# pairwise comparisons 

s_comparison_kurt <- emmeans(model_kurt, ~ cond | seg) 

s_pairs_kurt <- pairs(s_comparison_kurt) 

print("Pairwise comparisons within each segment:") 

print(s_pairs_kurt) 
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Appendix G. Statistical Results 

Note: (Intercept) = /s/​ ​ Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Duration 

Predictor β SE df t Pr(>|t|) 

(Intercept) 1.030e-01 5.731e-03 1.030e+01 17.971 4.13e-09 *** 

segsh 7.988e-16 2.195e-03 1.327e+03 0.000 1.00000 

segz -2.347e-02 2.195e-03 1.327e+03 -10.691 < 2e-16 *** 

condc2 1.322e-02 2.203e-03 1.327e+03 6.001 2.53e-09 *** 

condc3 4.485e-03 2.199e-03 1.327e+03 2.040 0.04156 * 

segsh:condc2 5.008e-05 3.110e-03 1.327e+03 0.016 0.98715 

segz:condc2 -8.763e-03 3.118e-03 1.327e+03 -2.811 0.00501 ** 

segsh:condc3 3.448e-03 3.107e-03 1.327e+03 1.110 0.26725 

segz:condc3 -3.855e-03 3.104e-03 1.327e+03 -1.242 0.21457 

Table 2. Linear Mixed-effects Models of Duration as a Function of Segment Type and Noise 
Condition 

Segment Contrast β SE df t Pr(>|t|) 

/s/ 

C1-C2 -0.01322 0.00220 1327 -6.001 <.0001 *** 

C1-C3 -0.00449 0.00220 1327 -2.040 0.1032 

C2-C3 0.00873 0.00221 1327 3.958 0.0002 *** 

/ʃ/ 

C1-C2 -0.01327 0.00220 1327 -6.044 <.0001 *** 

C1-C3 -0.00793 0.00220 1327 -3.614 0.0009 *** 

C2-C3 0.00533 0.00220 1327 2.430 0.0404 * 

/z/ 

C1-C2 -0.00445 0.00221 1327 -2.018 0.1082 

C1-C3 -0.00063 0.00219 1327 -0.288 0.9554 

C2-C3 0.00382 0.00220 1327 1.736 0.1923 

Table 3. Pairwise Comparisons of Noise Condition Effects on Duration Across Segment Types 



75 

Peak Frequency 

Predictor β SE df t Pr(>|t|) 

(Intercept) 6615.09 362.64 10.22 18.241 < .001 *** 

segsh –3249.47 134.99 1327 –24.072 < .001 *** 

segz 113.77 134.99 1327 0.843 .399 

condc2 –56.26 135.45 1327 –0.415 .678 

condc3 271.30 135.22 1327 2.006 .045 * 

segsh:condc2 124.11 191.23 1327 0.649 .516 

segz:condc2 64.69 191.73 1327 0.337 .736 

segsh:condc3 45.56 191.07 1327 0.238 .812 

segz:condc3 –122.05 190.91 1327 –0.639 .523 

Table 4. Linear Mixed-effects Models of Peak Frequency as a Function of Segment Type and 
Noise Condition 

Segment Contrast β SE df t Pr(>|t|) 

/s/ 

C1-C2 56.26 135 1327 0.415 .9093 

C1-C3 –271.30 135 1327 –2.006 .1110 

C2-C3 –327.56 136 1327 –2.414 .0420 * 

/ʃ/ 

C1-C2 –67.85 135 1327 –0.503 .8701 

C1-C3 –316.86 135 1327 –2.347 .0499 * 

C2-C3 –249.01 135 1327 –1.845 .1556 

/z/ 

C1-C2 –8.43 136 1327 –0.062 .9979 

C1-C3 –149.25 135 1327 –1.107 .5096 

C2-C3 –140.82 135 1327 –1.039 .5521 

Table 5. Pairwise Comparisons of Noise Condition Effects on Duration Across Segment Types 
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Centre of gravity 

Predictor β SE df t Pr(>|t|) 

(Intercept) 6811.260 280.956 11.276 24.243 4.39e-11 *** 

segsh –2586.360 137.691 1326.999 –18.784 < 2e-16 *** 

segz –2621.867 137.691 1326.999 –19.042 < 2e-16 *** 

condc2 83.990 138.162 1327.003 0.608 0.5434 

condc3 287.253 137.923 1327.000 2.083 0.0375 * 

segsh:condc2 4.664 195.058 1327.001 0.024 0.9809 

segz:condc2 241.993 195.565 1327.006 1.237 0.2162 

segsh:condc3 –142.933 194.889 1327.000 –0.733 0.4634 

segz:condc3 19.106 194.731 1327.001 0.098 0.9219 

Table 6. Linear Mixed-effects Models of CoG as a Function of Segment Type and Noise 
Condition 

 

Segment Contrast β SE df t Pr(>|t|) 

/s/ 

C1-C2 –84.0 138 1327 –0.608 0.8158 

C1-C3 –287.3 138 1327 –2.083 0.0938  

C2-C3 –203.3 138 1327 –1.469 0.3064 

/ʃ/ 

C1-C2 –88.7 138 1327 –0.644 0.7959 

C1-C3 –144.3 138 1327 –1.048 0.5466 

C2-C3 –55.7 138 1327 –0.404 0.9139 

/z/ 

C1-C2 –326.0 138 1327 –2.355 0.0489 * 

C1-C3 –306.4 137 1327 –2.229 0.0668 

C2-C3 19.6 138 1327 0.142 0.9889 

Table 3. Pairwise Comparisons of Noise Condition Effects on COG Across Segment 
Types 



77 

Standard Deviation 

Predictor β SE df t Pr(>|t|) 

(Intercept) 1570.253 55.374 37.590 28.357 <2e-16 *** 

segsh –8.740 59.467 1327.007 –0.147 0.8832 

segz 1223.033 59.467 1327.007 20.567 <2e-16 *** 

condc2 17.127 59.670 1327.039 0.287 0.7741 

condc3 44.052 59.567 1327.015 0.740 0.4597 

segsh:condc2 –9.794 84.242 1327.023 –0.116 0.9075 

segz:condc2 –167.869 84.460 1327.066 –1.988 0.0471 * 

segsh:condc3 –80.552 84.169 1327.011 –0.957 0.3387 

segz:condc3 194.573 84.101 1327.022 2.314 0.0208 * 

Table 8 Linear Mixed-effects Models of SD as a Function of Segment Type and Noise 
Condition 

 

Segment Contrast β SE df t Pr(>|t|) 

/s/ 

C1-C2 –17.13 59.7 1327 –0.287 0.9556 

C1-C3 –44.05 59.6 1327 –0.740 0.7400 

C2-C3 –26.92 59.8 1327 –0.450 0.8942 

/ʃ/ 

C1-C2 –7.33 59.5 1327 –0.123 0.9917 

C1-C3 36.50 59.5 1327 0.614 0.8126 

C2-C3 43.83 59.5 1327 0.737 0.7415 

/z/ 

C1-C2 150.74 59.8 1327 2.522 0.0316 * 

C1-C3 –238.62 59.4 1327 –4.019 0.0002 *** 

C2-C3 –389.37 59.7 1327 –6.525 <.0001 *** 

Table 9. Pairwise Comparisons of Noise Condition Effects on Duration Across Segment 
Types 
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Skewness 

Predictor β SE df t Pr(>|t|) 

(Intercept) 0.48253 0.17179 14.64764 2.809 0.01346 * 

segsh 0.99307 0.11992 1326.9976 8.281 2.94e-16 *** 

segz 0.02493 0.11992 1326.9976 0.208 0.83532 

condc2 -0.20300 0.12033 1327.0061 -1.687 0.09182 . 

condc3 -0.38887 0.12012 1327.0000 -3.237 0.00124 ** 

segsh:condc2 -0.09233 0.16988 1327.0019 -0.544 0.58685 

segz:condc2 -0.03543 0.17032 1327.0132 -0.208 0.83524 

segsh:condc3 0.05401 0.16973 1327.0000 0.318 0.75039 

segz:condc3 -0.15181 0.16959 1327.0016 -0.895 0.37088 

Table 10. Linear Mixed-effects Models of Skewness as a Function of Segment Type and 
Noise Condition 

Segment Contrast β SE df t Pr(>|t|) 

/s/ 

C1-C2 0.2030 0.120 1327 1.687 0.2105 

C1-C3 0.3889 0.120 1327 3.237 0.0035 * 

C2-C3 0.1859 0.121 1327 1.542 0.2716 

/ʃ/ 

C1-C2 0.2953 0.120 1327 2.463 0.0370 * 

C1-C3 0.3349 0.120 1327 2.793 0.0147 * 

C2-C3 0.0395 0.120 1327 0.330 0.9419 

/z/ 

C1-C2 0.2384 0.121 1327 1.978 0.1180 

C1-C3 0.5407 0.120 1327 4.516 <.0001 *** 

C2-C3 0.3023 0.120 1327 2.512 0.0325 * 

Table 11. Pairwise Comparisons of Noise Condition Effects on Skewness Across Segment 
Types 
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Kurtosis 

Predictor β SE df t Pr(>|t|) 

(Intercept) 5.5685 0.7866 20.6295 7.080 6.11e-07 *** 

segsh 0.9569 0.6881 1327.0043 1.391 0.16453 

segz -2.0924 0.6881 1327.0043 -3.041 0.00240 ** 

condc2 -1.7374 0.6904 1327.0202 -2.517 0.01197 * 

condc3 -1.8998 0.6892 1327.0081 -2.756 0.00592 ** 

segsh:condc2 -0.5210 0.9747 1327.0123 -0.535 0.59306 

segz:condc2 2.3455 0.9773 1327.0333 2.400 0.01653 * 

segsh:condc3 0.2741 0.9739 1327.0062 0.281 0.77842 

segz:condc3 -0.7676 0.9731 1327.0119 -0.789 0.43038 

Table 12. Linear Mixed-effects Models of Kurtosis as a Function of Segment Type and 
Noise Condition 

Segment Contrast β SE df t Pr(>|t|) 

/s/ 

C1-C2 1.737 0.690 1327 2.517 0.0321 * 

C1-C3 1.900 0.689 1327 2.756 0.0163 * 

C2-C3 0.162 0.692 1327 0.235 0.9701 

/ʃ/ 

C1-C2 2.258 0.688 1327 3.282 0.0030 ** 

C1-C3 1.626 0.688 1327 2.363 0.0480 * 

C2-C3 -0.633 0.688 1327 -0.920 0.6279 

/z/ 

C1-C2 -0.608 0.692 1327 -0.879 0.6536 

C1-C3 2.667 0.687 1327 3.883 0.0003 *** 

C2-C3 3.275 0.690 1327 4.743 <.0001 *** 

Table 13. Pairwise Comparisons of Noise Condition Effects on Kurtosis Across Segment 
Types 
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