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Feature selection was further informed by inspecting intercorrelations, and al-

Table 2: Models

IntrOduCtlon gorithmic feature selection (t—stats [16]) Model Mean FO FO SD Pause Speech Rate Mean Creak  Creak SD Creak COHCI“SIOHS
Duration RATIO
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ed hy . P tp | 1 ]il “obotic” (,, f t”) y fone” Model Building We built four Bayesian logistic regression models, using the Mgi% § ;<< § ;<< X X X 1. Objective 1 (replication): Traditional prosodic measures alone predicted
scribed as having not only unusual prosodic (e.g."robotic”, “tlat”, “monotone”), brms[17] R package. Models were estimated using a Student-t prior distribu- Mod 3 X X X ' is with onlv 66°
but also vocal (e.e. “creaky”, “harsh”, “nasal” and “hoarse”) qualities to their . peeris -0 P : Mod 4 X X X X X diagnosis with only 667 accuracy.
speech [1], and t.liere is evi}Ziénce that ;1eur0t ical peers res ocrlld negatively to tion, and the included parameters are summarized in lable 2. Model estima- 2. Objective 2 (addition of creak): Adding measurements of voice quality (in
ﬂl:l) '1 . 1. H there i }{Eﬂ b P é; h };h tion was performed following a bootstrapping procedure in which models were this case, variation and stability of creakiness) improved prediction sub-
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prosody and vocal mannerisms of people wi HIET TTOM typleal SPEECl  This procedure was repeated 100 times. Reported accuracy measures are mean Model 1 Model 2 Model 3 Model 4

[3]. Although a recent meta-analysis [4] indicated a growing interest in using

ASD diagnosis could be predicted to some degree using traditional measures
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. . . . accuracy over 100 runs.
acoustic measures of speech to quantity these subjective impressions, all stud-

of prosody, and prediction was substantially improved by adding measures

ies but one focused on more traditional aspects of prosody, such as pitch and
rhythm, and ignored voice quality.

Creaky voice and autism

We focus on creaky voice (vocal fry), which typically occurs when the vocal
folds are brought tightly together giving a low, growly quality to the voice [5].
Atypically creaky voice has been reported by several authors as characteristic
of the vocal patterns of adults [6], preadolescents [7], and preverbal children [8]
with ASD, but has not been investigated acoustically.
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1. Replicate earlier findings suggesting that acoustic measures of prosody can
predict ASD diagnosis with a reasonable degree of accuracy

2. Investigate whether adding measures of voice creak substantially improves
diagnostic classification models built on traditional prosodic features.

Mean accuracy ranged from 66% to 77% (Figure 2). Model 2 had the highest
mean accuracy, however we preferred Model 4, as it achieved comparable accu-

racy with fewer predictors (WAIC, Figure 2). Model accuracy results are shown
in Table 3.
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Beta estimates for the preferred model (Model 4) can be seen in Table 4. Partici-

pants with ASD tended to have:

« Lower variation in fundamental frequency (FO) (FO_SD)
« Longer pauses (pause_duration)

« Faster speech (speech_rate)

« More variation in voice creak (creak_SD)

 Less regular patterns of voice creak (creak_RATIO)

Pause Duration

of voice creak.

Next Steps

1. Replicate these results in other and larger datasets (including other lan-
guages and age groups)

. Connect these results to perceptual impressions of atypical voices

. Relate these results to measures of symptom severity

. Investigate the causes of atypical creakiness in ASD.

. Consider whether atypical creakiness can or shoud be targeted in speech-
therapy intervention
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