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Abstract 

This paper compares ways of quantifying the phonetic 

correlates of sarcasm focusing on two novel measures, 

wiggliness and spaciousness, neither of which has been 

examined in affective prosody before. We compare these to 

further F0 measures and evaluate their role in distinguishing 

sarcasm via contour clustering. 

In a production study, American English speakers (N=12) 

were recorded producing identically worded utterance pairs 

presented in contexts conducive to sarcasm and sincerity. 

Utterances were analyzed for wiggliness, spaciousness, F0 

range, and the SD of F0 mean. The measures were entered into 

logistic regression models as predictors for sarcastic affect 

(wiggliness and spaciousness jointly, the others separately); 

model fit was evaluated with pseudo-R statistics. Results show 

that wiggliness and spaciousness together are comparable to F0 

mean SD and F0 range in that reduced wiggliness and 

spaciousness distinguish sarcasm from sincerity for many of the 

speakers (N=8). By-speaker contour clustering was performed 

to examine the categorization of affect based solely on acoustic 

properties. The quality of speakers’ clusters in capturing 

sarcasm vs. sincerity varied, indicating a variable match 

between speaker intent and acoustic properties. Further 

analyses showed that wiggliness and spaciousness capture the 

differences between sincere and sarcastic contours for some 

speakers. 

 

Index Terms: wiggliness, spaciousness, F0 contour clustering, 

sarcasm, affect 

1. Introduction 

Sarcasm may be defined as a critical message expressed in 

positive language. Speakers mark sarcasm in several ways, 

among them manual gestures, facial expressions, lexical 

choices, and prosody (see [1-8]). The present paper focuses on 

the prosodic marking of sarcasm, in particular it examines the 

phonetic correlates of sarcastic speech, specifically F0. 

Previous work found that sarcasm can be marked by 

differences in F0 variability, quantified as F0 range ([9-22]) and 

standard deviation around mean F0 ([9], [19], [21], [22], [23]). 

The present study explores two novel measures of F0 variability 

in marking sarcasm, wiggliness (the number of turns in the F0 

contour per second) and spaciousness (the average of the two 

greatest F0 movements within a contour), both introduced in 

[24]. Wiggliness allows for the direct measurement of how 

much the contour changes (instead of relying on averaged 

values), while spaciousness measures range in a more fine-

grained manner than overall F0 range does. 

With respect to differences in intonational contours in 

sincere and sarcastic speech, [4] and [15] found specific 

contours to mark sarcasm in Catalan and French, respectively, 

and [14] found a flatter pitch contour in British English. As 

studies report smaller F0 range or SD in sarcasm for various 

dialects of English ([10], [14], [19], [21]), a less variable F0 

contour may be characteristic of sarcasm in American English. 

As an initial exploration of sarcastic contours, the present study 

examines the clustering patterns of sincere and sarcastic 

utterances in terms of their F0 contours independently of 

speaker intent with the clustering method developed in [25], 

with the goal of examining if speakers produce contours 

characteristic of sarcasm, and if contours differ on the 

wiggliness and spaciousness dimensions. 

2. Methods 

2.1 Participants 

 

Students (17f, 1m) at the University of Michigan participated in 

the study. Participants were in their early 20s. The gender and 

age distribution is due to the availability of participants. 

Participants’ first language was English, and they reported no 

speech impediments or hearing loss. Participants were 

compensated for their time and effort ($20.00/h, prorated). 

 

2.2 Materials 

 

Production materials consisted of short context - target 

utterance pairs. Contextual information was given to aid 

speakers in producing the utterances with the appropriate 

attitude. For each target utterance, three context-setting 

situations were written: one encouraging a sarcastic reading of 

the target utterance, one encouraging sincerity, and one 

disbelief (the latter one was included to avoid binary readings). 

Structurally, the target utterances were similar to those in [13]: 

“[X] is really quite a [positive adjective] [noun]”. To reliably 

track F0, an effort was made to include adjectives and nouns 

with predominantly voiced segments. There were 32 utterances 

per affect condition, with two repetitions (1536 sentences total). 

The first repetition of sarcastic and sincere utterances was 

analyzed, unless there was disfluency, in which case the second 

repetition was used, for a total of 768 utterances (12 speakers x 

2 affect conditions x 32 sentences). 

 

2.3 Procedure 

 

Speakers were recorded individually with the first author 

present in a sound attenuated booth, where two laptops were set 

up: one for recording and one for stimuli presentation. 

Recording took place with an AKG C4000 B microphone 

connected to a Focusrite Scarlett Solo. To gain familiarity with 

the task and the equipment, each participant completed a 

training session. Following this, they were presented with the 
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speech stimulus (contexts) and the target sentences. Recording 

was self-paced, and participants advanced by right-clicking on 

the touchpad of the laptop that was set up for stimuli 

presentation. Stimuli were shown in random blocks of ten, 

between which participants could take a break if they so wished. 

They were encouraged to take breaks as needed. Recording 

took 45 minutes per speaker on average. 

Participants were instructed to read the written contextual 

information (white text on black background) silently. Below 

each context was the target sentence (light orange color on 

black background) that they were asked to produce aloud. 

Speakers were instructed to produce the target sentence in a way 

that felt appropriate to them given the contextual information 

provided; regarding prosody, participants did not receive 

instruction. The contexts and the corresponding target 

sentences were presented in pseudo-random order two times. 

Participants had the option of repeating an utterance if they 

were discontented with their first attempt. Additionally, they 

were asked to repeat an utterance if there was noticeable 

disfluency in their production.  

 

2.4 Phonetic analysis 

 

Phonetic analysis was completed on twelve speakers’ data, after 

participants were screened for potential issues (giggling (N=1), 

experimental error (N=1)). Participants were further excluded 

if there was considerable creakiness in their production (N=2), 

as the phonetic feature association models all rely on F0-related 

measures, and creaky voice prevents F0 from being reliably 

tracked. Tokens with such potential issues were removed from 

the remaining participants’ sets of tokens as well. Given the 

imbalance in the gender of the participants who responded to 

the recruitment flier, the single male participant was excluded 

as well. Participants whose production was included in the 

analysis are henceforth coded as P1-P12. In total, 768 

utterances were analyzed in Praat ([26]) and R (v4.2.1 [27]).  

F0-variability was quantified in three ways for each speaker 

individually: (1) in terms of F0 range, (2) in terms of the 

standard deviation around mean F0, and (3) in terms of 

wiggliness and spaciousness (novel measures introduced in 

[24]). Acoustic features were measured in Praat. F0 range was 

calculated from F0 minimum and maximum and is reported in 

Hz. F0 mean was extracted from Praat, from which the standard 

deviation was calculated for each speaker; it is reported in Hz 

as well. Wiggliness and spaciousness are defined in [24] as 

follows: wiggliness is the number of turns in the F0 contour per 

second, and spaciousness is the average of the two greatest 

movements in F0. These were measured using the method laid 

out in [28] with the Praat and R scripts provided. First inter-

pausal units (IPUs) were identified and labeled on TextGrids in 

Praat; note that for the purposes of the project, each individual 

target utterance was determined to be an IPU with their duration 

labeled in milliseconds. Then, the mausmooth software [29] 

was used in Praat to inspect and correct the F0 contours for any 

tracking errors and creakiness. Next, with smoosplit (developed 

by Wehrle and Cangemi (see [28]) the pitch points were 

interpolated, and the contour was smoothed and stylized to a 

two-semitone (ST) resolution following the suggestion of [28]. 

The F0 measures and their time points of the original contour 

and the stylized contour were extracted into text files with 

smoosplit. Finally, wiggliness and spaciousness values were 

calculated in R (v4.2.1 [27]) with the Wiggliness and 

Spaciousness Calculation script developed by Wehrle and 

Gauser (see [28]). 

2.5 Contour cluster analysis 

 

By-speaker contour clustering was performed to examine if 

sarcasm and sincerity cluster separately based on their F0, 

without using speaker intent in the clustering algorithm (thus 

independently of speaker intent). Clustering analysis was done 

on the same data as in 2.4, but the tokens belonging to the two 

affect conditions were conflated and examined together. The 

cluster analysis methods and scripts provided in [25] were used 

to conduct by-speaker analysis on the F0 contours. As each 

speaker was examined individually for their sarcastic and 

sincere productions, no speaker normalization was applied. To 

obtain F0 measurements, the sound files and TextGrids were 

run through the Praat script provided in [25] with the default 

settings. In the R tool, Euclidean (L2 norm) distance was set as 

the distance measure, and linkage criterion was set to complete 

(default settings, and as suggested in [25]). Clustering was 

performed on data converted to semitones to facilitate the 

comparison with wiggliness and spaciousness. Rows marked 

for error by the script and NAs were removed (this process 

removed a larger portion of the utterances of speakers P1, P2, 

and P11). Two clusters were created. If a sole token constituted 

a cluster, the token was removed from the analysis as a likely 

outlier, and cluster analysis was performed again (n=1). The 

distribution of sarcastic and sincere tokens per cluster for each 

speaker is given in Table 1. 

 

2.5 Statistical analysis 

 

2.5.1 Prosodic feature associations 

 

Prosodic feature associations were analyzed via by-speaker 

logistic regression analyses carried out in R (v4.2.1 [27]); The 

following models were tested: 

Sarcasm = β0 + β1(Wig) + β2(Spac)  (1) 

Sarcasm = β0 + β1(F0 range)  (2) 

Sarcasm = β0 + β1(F0 mean SD)  (3) 

In all models, the dependent variable was sarcastic intent (i.e. 

the intended affect of the speaker). In (1), Wiggliness and 

Spaciousness measures were entered as predictor variables, in 

(2), F0 range was the predictor, and in (3), the standard 

deviation around the F0 mean was tested as predictor. Model fit 

by speaker was estimated with pseudo-R2 statistics 

(McFadden’s R2 [31]). R packages used were tidyverse [32], 

hqmisc [33], pscl [34], ggplot2 [35], dplyr [36]. 

 

2.5.2 Clustering 

 

As an exploratory analysis to evaluate if wiggliness or 

spaciousness distinguish between the clusters, by-speaker 

logistic regression analyses were performed on the data of 

speakers who had a minimum of ten tokens in each cluster, 

where cluster group was the dependent variable (cluster 1 = 0, 

cluster 2 = 1) and measured wiggliness and spaciousness values 

were predictors in separate regression models. 

Cluster 2 = β0 + β1(Wiggliness) (1) 

Cluster 2 = β0 + β1(Spaciousness) (2) 

3. Results 

3.1 F0 measures 

 

Raw values of spaciousness (ST) and wiggliness (ST) are given 

in Figure 1, and raw values of F0 range (Hz) and the standard 

deviation around F0 mean (Hz) are given in Figure 2.  The 
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figures illustrate the by-speaker differences between the 

sarcastic and sincere renderings of the utterances. 

 

 
Figure 1: By-speaker spaciousness (ST) and wiggliness (ST) in 

sincerity and sarcasm. 
 

 
Figure 2: By-speaker F0-mean SD (Hz) and F0 range (Hz) in 

sincerity and sarcasm. 

 

3.2 Prosodic feature associations 

 

This subsection reports the results of the by-speaker logistic 

regression analyses. All significant results are at p<0.05, and 

model fit is estimated with McFadden’s Pseudo-R2. 

In the model of wiggliness and spaciousness predicting 

sarcasm, wiggliness emerged as a significant predictor for six 

speakers (P1 [β=-0.55], P2 [β=-1.3], P8 [β= 

-0.87], P10 [β=-1.2], P11 [β=-2.01], P12 [β=-1.03]) and 

spaciousness for three speakers (P2 [β=-1.0], P4 [β=-0.64], P9 

[β=-0.94]). Where significance was reached, reduced 

wiggliness and reduced spaciousness were characteristic of 

sarcasm. For these speakers, apart from P4, model fit reaches 

the threshold of R2 ≥ 0.2. For a further three speakers (P2, P10, 

P11), model fit was exceptionally good at R2 ≥ 0.5.  

In the model of F0 range predicting sarcasm, F0 range was 

a significant predictor for eight speakers (P2 [β=-0.08], P3 [β=-

0.02], P4 [β=-0.07], P6 [β=-0.04], P8 [β=-0.02], P9 [β= 

-0.06], P10 [β=-0.06], P12 [β=-0.04]), and in all cases, reduced 

F0 range predicted sarcasm. The model reached the R2 ≥ 0.2 

threshold of good fit in all cases where the predictor was 

significant. For a further two speakers (P2, P10), model fit was 

exceptionally good at R2 ≥ 0.5. 

In the model of the standard deviation around the F0 mean 

predicting sarcasm, the predictor was significant for eight 

speakers (P2 [β=-0.31], P3 [β=-0.06], P4[β=-0.23], P6 [β= 

-0.18], P8 [β=-0.08], P9 [β=-0.26], P10 [β=-0.19], P12 [β= 

-0.14]), with smaller SD predicting sarcasm. For all of them, the 

model reached the R2 ≥ 0.2 threshold of good fit. For one further 

speaker (P2), model fit was exceptionally good at R2 ≥ 0.5. 

 

3.3. Contour clustering 

 

The results of the by-speaker clustering analysis with two 

assumed clusters are given in Table 1. The quality of the 

clusters is first analyzed by calculating what percentage of 

sincere tokens group together in a speaker’s cluster 1 versus 

their cluster 2, and what percentage of sarcastic tokens group 

into their cluster one versus cluster 2. Then, the quality of 

clusters is examined in terms of cluster composition, calculating 

what percentage of all tokens in a given cluster of a speaker are 

sincere vs. sarcastic. 70% was chosen as an arbitrary threshold 

in the evaluation of the clusters. 

 

3.3.1 By-speaker sincere and sarcastic token distribution 

across clusters  

 

In terms of the first calculation, there appears to be a strong 

separation of sincere and sarcastic contours for speakers P4 and 

P5, and a somewhat weaker separation for speakers P10, P3, 

and P11. Speaker P4 appears to keep sincere and sarcastic 

contours separate with 87% of sincere tokens grouping together 

in cluster 2 and 70% of sarcastic tokens in cluster 1. Similarly, 

speaker P5’s sincere and sarcastic contours appear to separate 

with 81% of sincere tokens in cluster 2 and 90% of sarcastic 

ones in cluster 1. Speaker P10 is again similar with all their 

sarcastic tokens in grouping into cluster 2 and 65% of all sincere 

tokens into cluster 1. Likewise, for speaker P3, 91% of their 

sarcastic tokens are in cluster 1 and there is a tendency for 

sincere tokens to group into cluster 2 (at 64%). Speaker P11 is 

alike as well with 96% of the sincere tokens in cluster 1 and 

63% of sarcastic tokens in cluster 2. 

There appears to be some separation, although much 

weaker, between sincerity and sarcasm for speakers P2, P7, and 

P9. They all show a near equal distribution of their sincere 

contours across their clusters, but sarcastic contours show a 

strong tendency to group into one cluster (100%, 97%, and 

96%, respectively). For these speakers, it appears that sarcasm 

is less variable in terms of F0 contours.  

Conversely, for speaker P1, it is the sarcastic tokens that 

show a near equal distribution into two clusters, while sincere 

contours group predominantly (85%) into one. In this case, 

sarcasm appears to be more variable. 

Finally, in the case of speakers P6, P8, and P12, the 

majority of their sincere tokens cluster together (70%, 93%, 

95%, respectively) and most of their sarcastic tokens group 

together as well (96%, 90%, 87%, respectively). The two affect 

groups do not show a separation, however, with most sincere 

and sarcastic tokens clustering together. 

In sum, it appears that speakers distinguish between 

sarcastic and sincere speech to varying degrees in their 

intonational contours, with only five speakers (P3, P4, P5, P10, 

P11) making clear distinctions. 

 

3.3.2 By-speaker cluster composition 

 

In terms of the second calculation, i.e. by-speaker cluster 

composition, P2, P3, P4, P5, P10, and P11 are similar in that 

one of their clusters is composed predominantly of sincere 

tokens (100%, 82%, 75%, 89%, 100%, 77%, respectively), 

while the other contour cluster consists mostly of sarcastic 

tokens (81%, 79%, 84%, 81%, 73%, 92%, respectively). 
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Speakers P1, P6, P7, P9 and P12 are comparable in that 

only one of their clusters show an affect-based distinction in 

their distribution. For speakers P1 and P12, one cluster consists 

mostly of sarcastic tokens (86% and 80%, respectively), while 

the other cluster is composed of both sincere and sarcastic 

tokens to a near-equal degree. Conversely, for speakers P6, P7, 

and P9, the cluster that shows an affect-based distinction 

consists predominantly of sincere tokens (90%, 93%, and 92%, 

respectively), while their other cluster is composed of both 

sincere and sarcastic tokens. 

In the case of P8, neither cluster shows a preponderance of 

tokens from one versus the other affect condition. 

In sum, half the speakers show a relatively strong separation 

of sincerity and sarcasm in the composition of their two 

clusters, while the other half shows more variability. 

 

Table 1: Clustering with two clusters assumed. (Note: the 

clusters are to be interpreted within-speaker only, i.e. cluster 

1 for P1 is not the same as cluster 1 for P2, etc.) 

Speaker Affect Tokens in 

cluster 1 
Tokens in 

cluster 2 

P1 sincere 11 2 

sarcastic 11 12 

P2 sincere 6 5 

sarcastic 26 0 

P3 sincere 8 18 

sarcastic 30 3 

P4 sincere 4 27 

sarcastic 21 9 

P5 sincere 6 25 

sarcastic 26 3 

P6 sincere 21 9 

sarcastic 27 1 

P7 sincere 16 14 

sarcastic 29 1 

P8 sincere 28 2 

sarcastic 26 3 

P9 sincere 15 11 

sarcastic 22 1 

P10 sincere 17 9 

sarcastic 0 24 

P11 sincere 23 1 

sarcastic 7 12 

P12 sincere 21 1 

sarcastic 27 4 

 

3.4 Contour clusters, wiggliness, and spaciousness 

 

With respect to how the measured features of wiggliness and 

spaciousness relate to the contour clusters, logistic regression 

analyses were performed on the data of speakers P1, P3, P4, 

P5, P6, P7, P9, P10, and P11. Results are reported at p<0.05 

significance level. 

For P1, P3, P4, P5 and P11, results show that neither of the 

measures are significant predictors of their cluster 2.  

For speakers P6 and P9, spaciousness is positively 

correlated with cluster 2 (P6: β=1.62; P9: β=0.76), indicating 

that the contours constituting cluster 2 are relatively more 

spacious than their cluster 1 contours. For both speakers, 

subsection 3.3.2 reported cluster 2 to consist predominantly of 

sincere tokens; it appears therefore, that a more spacious 

contour is likely to be sincere rather than sarcastic. 

For speakers P6 and P7, wiggliness is positively correlated 

with cluster 2 (P6: β=0.7, P7: β=1.1). For these speakers, 

cluster 2 consisted of sincere tokens predominantly, suggesting 

that sarcastic utterances are less likely to be produced with 

increased wiggliness. For speaker P10, wiggliness is negatively 

correlated with cluster 2 (β=-0.44), indicating that the contours 

constituting cluster 2 have reduced wiggliness relative to cluster 

1. As reported in 3.3.2, sarcastic utterances predominantly 

contributed to this speaker’s cluster 2, suggesting that sarcastic 

utterances are produced with a less wiggly contour.  

In sum, wiggliness and spaciousness may contribute to the 

by-speaker grouping of some contours, and the differences may 

relate to sarcastic affect. Figure 3 shows the contour clusters for 

P6, P7, P9 and P10, for whom wiggliness or spaciousness was 

a significant predictor of cluster group. 
 

 
Figure 3: Contour clusters for speakers P6, P7, P9 and P10. 

4. Discussion 

Similarly to prior studies, the present study found many 

speakers to mark sarcasm with reduced F0 variability relative 

to sincerity. Reduced wiggliness and spaciousness together 

were found to be significant predictors for over half of the 

speakers (spaciousness to a lesser degree), producing 

comparable results to the averaged measures of F0 range and 

mean SD, and demonstrating the ability of the novel measures 

to capture differences in affective prosody. Contour clustering 

demonstrated the tendency of roughly half the speakers to 

produce unique contours more characteristic either of sincerity 

or of sarcasm. Further analyses of the clusters demonstrated that 

relative to sincerity, some speakers mark sarcasm by less 

wiggly and/or less spacious contours. Further distinguishing 

factors may include differences in accentuation and accent 

scaling (see P6). Notable, however, is the mismatch between 

many speakers’ intention of producing sincere versus sarcastic 

utterances and how their F0 contours cluster. This, in part, could 

contribute to the difficulty of many in perceiving sarcasm (see 

[37] for a review). It remains to be examined whether the results 

reported here generalize to multiple genders. 
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