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ASMT OF VOC QUALITY 1

Semi-Automatic Assessment of Vocalization Quality for

Children with and without Angelman Syndrome

Abstract

Automated methods for processing of daylong audio recordings are efficient and may be
an effective way of assessing developmental stage for typically developing children; however,
their utility for children with developmental disabilities may be limited by constraints of
algorithms and the scope of variables produced. Here, we present a novel utterance-level
processing (ULP) system that 1) extracts utterances from daylong recordings, 2) verifies
automated speaker tags using human annotation, and 3) provides vocal maturity metrics
unavailable through automated systems. Study 1 examines the reliability and validity of this
system in low-risk controls (LRC); Study 2 extends the ULP to children with Angelman
syndrome (AS). Results showed that ULP annotations demonstrated high coder agreement across
groups. Further, ULP metrics aligned with language assessments for LRC but not AS, perhaps
reflecting limitations of language assessments in AS. We argue that ULP increases accuracy,
efficiency, and accessibility of detailed vocal analysis for syndromic populations.
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Atypical speech and language development are often concerns for families of children with
severe intellectual and developmental disabilities (IDDs). However, most of our knowledge about
infants’ early vocalizations relies on prospective information gathered from children with typical
development (Fisher, 2017) or retrospective reports of children later determined to be at-risk
(Belardi et al., 2017; Patten et al., 2014). As such, little is known about early vocalization patterns,
particularly vocal maturity, as they emerge in children with IDDs, including those resulting from
neurogenetic syndromes. Wearable devices such as the Language ENvironment Analysis (LENA,
Gilkerson & Richards, 2009) recorder offer a promising option for collecting and analyzing high-
volume audio data on the vocal development of children with IDDs. However, the usefulness of
LENA’s automated output for children with IDDs warrants exploration, as algorithms are
primarily based on samples with normative volubility and further, may not produce key
information relevant to at-risk populations, such as utterance-level measures of canonical babbling
(vocalizations containing a rapid transition between consonant and vowel), which are known to
predict later language outcomes (e.g., Patten et al., 2014; Lang et al., 2019; Oller et al., 1999;
Roche et al., 2018). Therefore, additional annotation is necessary to access details about metrics
of vocal development that may be particularly useful in assessing vocal development in children
with IDDs.

The present study introduces the utterance-level processing (ULP) system, which we
developed to integrate automated LENA output with strategic, rapid human coding to generate key
metrics of the quantity and quality of vocalizations that assist in mapping the early language
trajectories of infants with IDDs. In Study 1, we establish the ULP procedure, including the
reliability of annotations and validity of the ULP metrics, in a sample of low-risk controls (LRC)

who are expected to demonstrate typical language trajectories. In Study 2, we extend the use of
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the ULP to characterize early vocalizations in a separate sample of children with Angelman
syndrome (AS), a rare neurogenetic syndrome (1 in 15,000 live births) associated with severe
developmental delays, particularly in the domain of communication. This population is an ideal
group for exploring this method of vocal maturity assessment, as there is a pressing need to
establish rapid and valid communication assessments in children with AS to be used in clinical
trials (Kolevzon et al., 2021). As such, our goal was to examine the reliability and validity of the
ULP components in LRC, and to test this system in a pilot sample of children with AS.

Study 1: Reliability and Validity of Utterance-Level Processing System in LRC

The present study introduces the ULP system, a semi-automated system that results in
metrics of quantity and quality of a child’s early vocalizations. A variety of metrics and methods
can be used to capture these skills, many of which can prospectively inform risk for later atypical
outcomes. One metric for capturing the quantity of child vocalizations is the child vocalization
rate (CVR), or the rate at which a child produces speech-like syllables. CVR increases with age
(Gilkerson et al., 2017; Paul et al., 2011) and is positively associated with later standardized
language scores (Gilkerson et al., 2017; Wang et al., 2020). Children with disorders affecting
speech (e.g., expressive language impairment, autism spectrum disorder) typically have a reduced
CVR (Rescorla & Ratner, 1996; Warren et al., 2010). The quality of child vocalizations is also
important and can be captured by the canonical babbling ratio (CBR), the proportion of canonical
syllables (syllables that include a rapid consonant-vowel transition) to all syllables produced. An
increase in CBR reflects more consistent use of advanced (i.e., higher quality) syllables. CBR
increases with age in early development (Cychosz et al., 2019; Lee et al., 2018) and is positively
associated with later language outcomes (Lohmander et al., 2017; McCune & Vihman, 2001;

Nyman et al., 2021). Atypical language learners often demonstrate delayed canonical babbling
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onset and reduced CBR (Lang et al., 2019; Nyman & Lohmander, 2018; Overby et al., 2019; Patten
et al., 2014). Of note, CBR may be a particularly useful metric for pre-verbal children and those
with severe delays, as it is not reliant on functional language (Hamrick et al., 2019).

Both CVR and CBR are directly derived from samples of child vocalizations, which can
be captured in a variety of contexts (e.g., structured lab-based tasks, daily activities at home) using
a variety of annotation techniques. Capturing child vocalizations within a naturalistic context may
offer the most valid representation of the child’s skills, as children often behave differently in
laboratory settings and with unfamiliar examiners (Bornstein et al., 2000; Lewedag et al., 1994).
Indeed, naturalistic observations provide more flexibility in terms of setting, communication
partner, and context. However, naturalistic observations also produce expansive volumes of “big
data” that, if not processed using automated methods, require significant time and resources to
code and annotate, limiting their scalability and utility in applied research settings.

Efficient segmentation and annotation procedures are needed to circumvent these barriers.
Wearable recorders with related data processing algorithms, such as the LENA system (Gilkerson
& Richards, 2009), offer a potential solution by producing automated, standardized summary
metrics from naturalistic data. The LENA system —arguably the most widely-used naturalistic
annotation system— includes a small recorder worn in children’s clothing that records the child’s
vocalizations and sounds in their immediate environment. Daylong LENA recordings can be
analyzed through proprietary software that “tags” the sound type (e.g., Key Child, Female Adult,
Silence) and time of each recorded utterance. Further algorithms integrate this information and
produce summary scores. The efficiency with which the LENA system produces information about

vocal behaviors, including data that can be used to calculate CVR, makes it an attractive method
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for studying and monitoring early speech and language development, including in applied settings
(Weil & Middleton, 2010).

However, there are some limitations to the LENA system. First, there is evidence that
LENA’s automated algorithms may systematically misidentify certain types of vocalizations, such
as adult females using infant-directed speech, despite generally adequate levels of accuracy in
identifying child vocalizations (VanDam & Silbert, 2016, Bulgarelli & Bergelson, 2019). Second,
LENA provides limited insight into the quality of young child vocalizations, particularly related
to child’s use of canonical syllables. LENA’s metric of canonical syllable usage (i.e., the Vocal
Productivity Measure; Du et al., 2017) has not been well-validated in populations beyond the
normative sample used to create the measure and is limited to utterances occurring in the context
of back-and-forth interactions (additional limitations of LENA specific to special populations are
discussed in Study 2). Furthermore, LENA does not provide utterance-level measures of canonical
and non-canonical utterances, making manual calculation of frequently used and predictive quality
metrics, such as CBR, unfeasible. Thus, although the convenience of LENA is promising and
useful for assessing the quantity of child vocalizations in clinical settings, its utility in research on
the quality of vocalizations in high-risk populations may be limited.

To address this gap, we developed the ULP system, which extracts a subset of child
vocalizations from the LENA recording to be annotated by human coders and used to generate key
metrics of early vocal development, including a precise measure of CVR and CBR. The ULP
system capitalizes on LENA’s initial automated speaker classifications and extends this process
by using human coders to 1) clean utterances tagged as the Key Child and 2) categorize the vocal
maturity of early vocalizations, ultimately producing validated and more nuanced metrics of early

vocal development than LENA while minimizing the amount of time and resources required to
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obtain this information. The end-product of the ULP is a set of supplemental variables that are
important signposts of early vocal development (Gilkerson et al., 2017; Lohmander et al., 2017;
McCune & Vihman, 2001; Yuanyuan Wang et al., 2020) and would be prohibitively time-
consuming to hand-code without the support of semi-automated approaches such as the ULP
system.

Study 1 addresses two primary research questions: 1) Do annotations produced by ULP
coders demonstrate acceptable reliability? 2) Do ULP metrics (i.e., CVR and CBR) demonstrate
convergent validity with standardized language assessments?

Method

Additional materials, including raw data, R scripts for data construction and analysis,
Python scripts for data extraction and database management, and supplementary materials
referenced in this manuscript, can be found on this study’s OSF page at

https://ostf.i0/d948m/?view_only=bac60180bd7¢c43438051e780b8d45155.

Participants

Participants were 39 LRC children (Mug.=11.64 months, range 4-25 months; 21 female)
drawn from a series of internally and externally funded studies. Families were recruited via social
media postings and word of mouth. Inclusion criteria included residing in the United States and
English as the primary language spoken in the home. Demographic information is reported in
Table 2. Participants were primarily White, non-Hispanic, and had mothers who had completed at
4-year degree or higher.
Measures

Naturalistic Language Recording. Daylong recordings obtained from the LENA system

were analyzed by LENA’s proprietary automated cloud-based program, which segments the
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recording audio, assigns a pre-determined speaker label to each segment (e.g., Key Child, Female
Adult, Silence), and provides counts of the number of child utterances, adult words, and
conversational turns occurring during the recording.

Utterance-level processing (ULP). Detailed ULP procedures can be found in S1 at

https://osf.io/rj2ts?view_only=bac60180bd7c43438051e780b8d45f55. The ULP system involves

three components: extraction, annotation, and generation of output.

Extraction. We developed Python scripts ([masked]) in collaboration with computer
scientists to perform the functions needed for identifying and extracting utterances from the LENA
recording to be annotated by ULP coders. Consistent with prior studies (Lee et al., 2018), the
Python scripts identified 30 five-minute segments from the LENA recording containing speech
produced by the Key Child (150 minutes total): 10 five-minute segments with the highest
volubility (i.e., the highest number of child utterances as determined by LENA’s automated output)
and 20 additional five-minute segments randomly selected from remaining segments. As expected,
more utterances were extracted per participant from high volubility segments (M=435, SD=103,
range: 212-727) than from randomly selected utterances (M=218, SD=117, range: 63-500). Using
LENA’s labels, we extracted Key Child audio occurring during the selected 30 five-minute
segments to be further tagged by ULP coders (Figure 1), which resulted in collections of 275-1,191
utterances per participant (M=653, SD=196).

Annotation. Each extracted utterance was presented via a user-friendly interface (Figure
2) and tagged by three randomly selected coders who were naive to the child’s demographic
information. Coders tagged each utterance with an annotation (i.e., a vocal maturity label) that
either indicated the highest vocal maturity level of syllables present in the utterance (e.g., if

multiple syllable types were present in the utterance, the coders assigned a single annotation using
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a hierarchy, where “Word” syllables are given highest priority, then “Canonical”, then “Non-
Canonical”, then “Crying” or “Laughing”), or that the utterance contained only vegetative sounds
(e.g., burps, coughs), significant overlapping noise/speech (e.g., another speaker, toy noises), or
did not contain an utterance from the Key Child (e.g., was misclassified by LENA as the Key
Child; the annotation for these utterances was “Don’t Mark™). For speech utterances (“Word”,
“Canonical”, “Non-Canonical”), coders marked the number of canonical, non-canonical, and word
syllables. Given the developmental age of our sample, we focus primarily on canonical and non-
canonical syllables; word syllables (1.16% of all LRC syllables) were captured as canonical or
non-canonical. Crying (5.11% of all LRC utterances) and laughing (2.03% of all LRC utterances)
were not analyzed for the purposes of this study. Utterances were excluded from analyses if all 3
coders disagreed on the vocal maturity annotation (n=889 utterances; 3.49% of all LRC
utterances). Twelve coders (undergraduate students in Psychology or Speech Language, Hearing,
and Sciences) participated and attended regular meetings during which an expert coder ([masked])
reviewed utterances with the coders and provided feedback to minimize drift. Detailed coder
training  procedures and materials can be found in S1 and S2 at

https://osf.io/kt4am/?view_only=bac60180bd7c43438051e780b8d45155.

ULP output. For each participant, the ULP system generates output of the overall counts
of utterances and syllables in each vocal maturity category. From this output, we calculated two
subtypes of CVR (vocalization quantity) — rate of canonical (CVR-C) and non-canonical (CVR-
N) syllables per minute — by dividing the number of canonical or non-canonical syllables,
respectively, by 150 (the total length of the extracted segments). We also calculated CBR
(vocalization quality) by dividing number of canonical syllables by total number of speech

syllables (i.e., # canonical/(# canonical syllables + # non-canonical syllables).
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Standardized Language Assessments. We used two well-established standardized
measures of communication -the Vineland Adaptive Behavior Scales, 3™ Edition (VL-3; Sparrow
et al., 2016) and the Communication and Symbolic Behavior Scales — Infant-Toddler Checklist
(CSBS; Wetherby & Prizant, 2003) - to assess the concurrent validity of CVR and CBR. The VL-
3 is a semi-structured parent interview that assesses child adaptive behaviors. The CSBS is a 24-
item parent-report screening checklist used to identify children at risk for social communication
delays. VL-3 and CSBS scores are reported in Table 2. We expected most children in the LRC
group to demonstrate average performance on these measures; however, to maintain sample size
and represent natural heterogeneity in language skills observed within low-risk populations, we
did not exclude participants if they scored outside the average range. We used the Expressive and
Receptive Language subscale raw scores of the VL-3 Communication domain and the Speech
scale and Understanding subscale raw scores of the CSBS. Importantly, neither the VL-3 nor the
CSBS are designed specifically to capture vocal quality. As such, we also examined two items
from the VL-3 and four items from the CSBS expected to capture vocal quality (described in Table
5). Four participants were missing VL-3 and CSBS data.

Procedure

The [masked] IRB approved all study activities. Families were provided with a LENA
recorder and vest and were asked to have their child wear the recorder for at least 12 hours.
Families were provided a “scrub sheet” (S3 at

https://osf.io/rgysb?view_only=bac60180bd7c43438051e780b8d45f55) in case they wanted to

redact any data. Participants were included in the present study if they had completed a LENA
recording for which there was ULP data at the time of analyses. Each participant’s caregiver

completed the VL-3 with a trained examiner in person or over the phone and the CSBS as part of
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a set of online forms. The VL-3 and CSBS were completed within 1 month of the LENA recording
on average (VL-3 range: 0-16 months; CSBS range: 0-7 months). We covaried the length of time
that passed between the LENA recording and the VL-3 and CSBS in analyses to account for
variation among participants.
Analytic Plan

Coder reliability. To test our first research question, we calculated percent agreement (a
measure of absolute agreement among coders) and inter-rater reliability (a measure of consistency
among coders that is adjusted for chance agreement) for ULP annotations, canonical syllable
counts, and non-canonical syllable counts. We calculated percent agreement for annotations by
dividing the number of utterances for which 2 or more coders assigned the same vocal maturity
annotation by the total number of utterances. We calculated canonical and non-canonical syllable
percent agreement by dividing the number of utterances for which 2 or more coders agreed on the
number of canonical or non-canonical syllables contained in the utterance, respectively, by the
total number of utterances. We used Gwet’s AC1 (a reliability metric that calculates the probability
the two randomly selected coders will agree and is more stable than Cohen’s Kappa; Wongpakaran
et al., 2013) to calculate reliability of categorical annotations and average two-way random effects
ICCs to calculate reliability of continuous syllable counts. We assessed reliability using
conventional thresholds (i.e., percent agreement > 80%; inter-rater reliability coefficients
[AC1/ICC] >.75; Cohen, 1960; Koo & Li, 2016).

Convergent Validity. To test our second research question, we conducted partial
Spearman’s correlations of the ULP metrics and scores from the standardized language
assessments, covarying the length of time between when LENA and language assessments were

collected. We corrected for multiple comparisons using the Holm-Bonferroni correction. We
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hypothesized that higher CVR-C, CVR-N, and CBR would be positively associated with age and
scores from standardized language assessments.
Results

Coder Reliability

Coders were highly reliable. Across all 25,456 utterances, 24,567 (97%) were assigned the
same annotation by two or more coders. Inter-rater reliability for annotations was moderate
(Gwet’s AC1 =.702 [.698, .707], p < .001). Percent agreement for canonical and non-canonical
syllable counts were similarly high (canonical: 97%, non-canonical: 84%; Table 3) and
demonstrated excellent inter-rater reliability (canonical: ICC = .980 [.977, .982], p < .001; non-
canonical: ICC =.941 [.939, .943], p <.001).
Convergent Validity

Canonical and Non-Canonical Vocalization Rate. Rho, p-values, and adjusted p-values
are reported in Table 6. CVR-C significantly increased with age (p=.76, p’<.001), whereas CVR-
N was not associated with age (Figure 3). CVR-C was positively associated with VL-3 Expressive
and Receptive scores (VL-3 Expressive: p=.66, p’<.001; VL-3 Receptive: p=.68, p’<.001), as well
as the CSBS Speech score (p=.62, p’=.007) and the CSBS item capturing the ability to string two
or more syllables together (p=.61, p’=.007). Notably, CVR-C also demonstrated medium
associations (i.e., p>.30; Cohen, 1988) with most other raw subscale scores and item scores on the
standardized language assessments; however, these associations did not survive corrections for
multiple comparisons. CVR-N was not associated with any scores from the VL-3 or CSBS.

Canonical Babbling Ratio. Rho, p-values, and adjusted p-values are reported in Table 6.
CBR significantly increased with age (p=.79, p’<.001; Figure 3) and was positively associated

with VL-3 Receptive/Expressive scores, CSBS Speech scores, and CSBS items capturing whether
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the child strings two-syllable sounds together and the number of consonants the child uses. CBR
also demonstrated medium associations (i.e., p>.30,; Cohen, 1988) with several other scales and
items, however associations did not survive corrections for multiple comparisons.

Summary

Results support the use of the ULP system for generating reliable and valid estimates of
CBR and CVR in LRC. Annotations produced by ULP coders demonstrated a high percentage of
agreement across raters (>97%) and moderate to excellent inter-rater reliability. With respect to
validity, both CVR-C and CBR demonstrated expected positive associations with several language
assessments. Thus, it appears that these metrics are valid estimates of vocal maturity, and canonical
syllable usage corresponds to overall levels of expressive and receptive language in this group.
Further, as expected based on the literature (e.g., Cychosz et al., 2019), both CVR-C and CBR
increased with age, demonstrating increased canonical syllable usage overall and increasing ratios
of canonical syllables to overall syllables produced with age for LRC children. Unlike CBR and
CVR-C, CVR-N was not associated with age or language assessments. Thus, in the LRC group,
overall volubility of non-canonical syllables may be less informative than rate of canonical syllable
usage and CBR. This may be partially due to the age of the sample, as most typically developing
children at this age are increasing canonical syllable usage as a precursor to using meaningful
words (Cychosz et al., 2019).

Given evidence that ULP annotations and metrics can be reliably and validly used to probe
early language development in LRC, we next explored the utility of the ULP system in
characterizing language in children with severe delays. Study 2 examined the use of ULP system
in children with Angelman syndrome (AS). Individuals with AS exhibit severe language delays,

with most acquiring only a handful of meaningful words in their lifetimes (Pearson et al., 2019).
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Monitoring early language in AS is complicated by the lack of valid assessment tools that can
capture small but meaningful changes in skills over time. We anticipated that ULP system would
be useful for quantifying early language in AS and provide a novel method for mapping
developmental skills and treatment response in this population.

Study 2: Utterance-Level Processing of Vocalizations from Children with AS

Understanding early vocal features of children with IDD is a high priority across a number
of specific disorder communities (Berry-Kravis et al., 2013; Wheeler et al., 2017). Families of
children with AS, for example, rate accurate measures of language and communication as a top
unmet need and priority for clinical trials (Willgoss et al., 2021). Indeed, although many
standardized language assessments exist, few can be used successfully with individuals with severe
IDDs such as AS, particularly in early development (Soorya et al., 2018). This is because these
measures were often normed for a broader range of skills, thus children who have mastered very
few skills receive the lowest possible score, even as their skills progress over time (e.g., Summers,
2019). These “floor effects” may mask variability and prevent the detection of small but
meaningful changes in skills over time or through interventions. Standardized tools can be further
limited by items that assume that a child can express themselves verbally, or that require
informants to make assumptions about the child’s internal states (Grieco et al., 2019). Furthermore,
efforts to administer clinical assessments to publisher standards can be complicated by co-
occurring medical, motor, and behavioral challenges common to AS (Wheeler et al., 2017).
Therefore, despite the importance of assessment tools for AS, standardized tools often fail to meet
the needs of AS and other IDD communities.

Naturalistic assessments of development offer a promising alternative for monitoring skills

in AS and other populations with severe IDD (Handen et al., 2018; Wandin et al., 2020). There are
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several notable benefits that extend beyond those previously described for LRC. First, naturalistic
methods can be useful for highlighting skills that are meaningful and relevant for specialized
populations, complementing standardized assessments that often focus on skill deficits and
providing a strengths-based approach desired by caregivers of children with AS and other IDDs
(Kelleher et al., 2020). Furthermore, although naturalistic observations can offer more accurate
samples of any child’s day-to-day experiences relative to their performance in a lab, children with
severe IDD may be even more sensitive to contextual changes and unfamiliar people, particularly
if they have common co-occurring conditions such as anxiety or autism, making naturalistic data
even more valuable. However, despite these benefits, quantifying naturalistic observations can be
challenging; whereas standardized assessments can be scored quickly, naturalistic data requires
substantial time and resources to clean, score, and code. These data demands are particularly
challenging for researchers engaged in treatment trials for rare disorders, which require key scores
be generated quickly and accurately.

As in LRC populations, wearable devices like the LENA system can partially address these
challenges by generating rapid estimates of vocalization quantity. Indeed, LENA and other
recording systems have been used extensively in research on language development through
studies on a wide range of ages, languages, and developmental risks (Greenwood et al., 2018; Ye
Wang et al., 2017) including individuals with severe IDD similar to AS (Rankine et al., 2017,
Reisinger et al., 2019). However, it is important to consider some additional limitations of LENA
in IDD populations. LENA developers report that algorithms rely on a combination of biological
information (e.g., age, sex) and input characteristics (e.g., utterance pitch) to accurately tag the
speaker of each utterance (Xu et al., 2008); thus, it is possible that misclassification is exacerbated

in populations with differences in biological maturity and/or craniofacial abnormalities, such as in
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AS and other genetically-based IDDs (Rankine et al., 2017). In addition, the standardized summary
scores produced by LENA face similar pitfalls to other standardized language assessments when
used with IDDs with regards to reduced variability in scores and floor effects. Furthermore, given
that preliminary research has detected reduced CVR and CBR in AS compared to LRC (Grieco et
al., 2018; Semenzin et al., 2021), LENA’s limited output related to canonical syllable usage may
be particularly detrimental for children with IDD whose developmental progress may not be
detected on standardized tools (Thurm et al., 2020). Thus, despite some promising features, the
appropriateness of LENA for use in populations with IDD remains in question.

In contrast, the CVR and CBR metrics generated from the ULP system offer several
advantages for use in IDD populations: (1) CVR and CBR are ability-unbiased, meaning they can
be collected from even the lowest-performing participants; (2) because these metrics are generated
from naturalistic daylong recordings, they are more accessible and likely more ecologically valid
than metrics gathered from laboratory settings; and (3) these metrics are likely more sensitive to
small but meaningful change between children who demonstrate significant delays or within the
same individuals over time. Thus, the ULP system may improve our assessment of vocal
development for children with IDD.

In Study 2, we apply the ULP system to characterize early speech and language
development in children with AS. We aim to address two research questions: 1) Do annotations
produced by ULP coders demonstrate acceptable reliability in AS? 2) Do ULP metrics demonstrate
concurrent associations with language assessments in AS?

Method
Participants were 27 children with AS (Me=37.98 months, range 11-62 months; 15

female). Demographic information is reported in Table 1. AS participants were primarily White,
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non-Hispanic, and had mothers who had completed at 4-year degree or higher (Table 2). For a
subset of analyses, we compare AS to the LRC group from Study 1. Given the smaller sample of
children with AS (reflecting the low incidence of this neurogenetic syndrome), we did not attempt
to match the AS and LRC groups on age or any developmental variables. The LRC group is
significantly younger than the AS group, which we expected would better approximate the
language level observed in older children with AS; however, children in the AS group still
demonstrated lower language skills on the VL-3 and the CSBS than the younger LRC group (Table
2). AS families were recruited via social media postings and through syndrome foundations and
registries. Inclusion criteria for the AS families included residing in the United States, English as
the primary language spoken in the home, and providing confirmation of their child’s medical
diagnosis of AS (78% confirmed via genetic report). Measures and procedures are identical to
those implemented in Study 1. Two AS participants were missing data from both the VL-3 and
CSBS, and one AS participant was missing data from just the VL-3.

Analytic Plan

Preliminary Analyses. We first provide descriptive information about the utterances
extracted by the ULP system for AS participants, including number of utterances extracted overall
and from high volubility vs. randomly selected segments.

Coder Reliability. To test our first research question, we calculated percent agreement and
inter-rater reliability using the same procedures as Study 1. We assessed reliability using
conventional thresholds (i.e., percent agreement > 80%;inter-rater reliability coefficients
[ACLI/ICC] = .75).

Concurrent Associations with Language Assessments. Given known challenges and

lack of appropriate methods of assessing language in children with AS, it is difficult to assess the
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validity of ULP metrics. While both concurrent validity measures used for the LRC group have
been implemented with children with AS (Hamrick & Tonnsen, 2019; Peters et al., 2004), the
range of scores in AS is more limited than LRC (see S4 at

https://osf.io/6¢ck8z?view only=bac60180bd7c43438051e780b8d45f55), and in some cases, we

observed significant floor effects (e.g., all AS informants endorsed “0” for the CSBS assessing the
use of two-word phrases, and the standard deviation of most scores is smaller in AS relative to
LRC). With these limitations in mind, we addressed our second research question by conducting
partial Spearman’s correlations of the ULP metrics and standardized language assessment metrics,
covarying the length of time between when LENA and language assessments were collected. We
corrected for multiple comparisons using the Holm-Bonferroni correction across all statistical

(13

tests. Of note, we are not “validating” ULP metrics against these measures, but rather
contextualizing how ULP metrics relate to the existing measures that are commonly used in
clinical trials.

Sensitivity to the Angelman Syndrome Phenotype. Due to the difference in the
chronological ages and language abilities of the AS and LRC groups, direct comparisons of ULP
metrics between these groups are difficult to interpret. Nevertheless, given the extent of language
delay characteristic of AS, we still expect — despite the large age difference — that the AS group
will demonstrate delays in ULP metrics compared to the LRC group. In this way, comparing the
AS and LRC groups can provide a sense of the ULP metrics’ sensitivity to the AS phenotype.
Thus, we conducted exploratory Mann-Whitney U-tests comparing the rate and percentage of each
vocal maturity category and CBR between groups. We hypothesized that the LRC group would

demonstrate higher rates and percentages of all categories of speech syllables and CBR relative to

AS, despite being younger than the AS group on average. We also conducted Mann-Whitney U-
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tests to test differences in non-consensus and “Don’t Mark™ utterances between the AS and LRC
groups with the expectation that there would be no difference in the rate or proportion of non-
codable or “Don’t Mark™ utterances for the AS and LRC groups.
Results

Preliminary Analyses

The number of extracted utterances per AS participant ranged from 178 to 932 (M=538,
SD=224). Similar to LRC, more utterances were extracted per participant from high volubility
segments (M=396, SD=152, range: 158-658) than from randomly selected utterances (M=143,
SD=85, range: 7-371).
Coder Reliability

Percent agreement and inter-rater reliability suggested that coders were able to reliably
code AS utterances. Coders were highly reliable in assigning annotations to AS utterances. Of
14,534 utterances, 14,009 (96%) were assigned the same annotation by two or more coders (Table
3) and demonstrated good inter-rater reliability (Gwet’s AC1 = .749 [.743, .755], p < .001).
Canonical and non-canonical syllables counts were similarly high (canonical: 99%; non-canonical:
87%) and demonstrated excellent inter-rater reliability (canonical: ICC = .930 [.929, .932], p <
.001; non-canonical: ICC = .953 [.951, .956], p <.001).!
Concurrent Associations with Language Assessments

Test statistics, p-values, adjusted p-values, and Cohen’s d effect sizes are reported in Table
6. Results revealed no significant associations of CVR-C, CVR-N or CBR with scores from the

VL-3 or CSBS in the AS group. Further, neither CVR-C nor CVR-N increased with age in the AS

! Reliability estimates for two coders were explored by averaging estimates of each coding pair (i.e., Coders 1 and 2,
Coders 2 and 3, and Coders 1 and 3). Gwet’s ACI and ICCs were comparable, while percent agreement was lower
for two coders compared to three coders, particularly for non-canonical syllable counts (see S5 at
https://osf.io/uh2bk?view_only=bac60180bd7c43438051e780b8d4555).
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group (Figure 3). CBR decreased with age in the AS group, though this association did not remain
significant after correcting for multiple comparisons (p=-.42, p’=1.000; Figure 3).
Sensitivity to the Angelman Syndrome Phenotype

Test statistics, p-values, adjusted p-values, and Cohen’s d effect sizes are reported in Table
5. Children with AS used 1.22 canonical syllables per 5-minute segment, with 5.82% of their
overall syllable usage accounted for by canonical syllables, both of which, as expected, were
statistically lower than those observed in the LRC group, (rate=7.75 syllables per segment, d=.99;
proportion=22.29%, d=1.18). Also consistent with our hypotheses, children with AS demonstrated
significantly lower CBR than the LRC group (AS: CBR=.06, LRC: CBR=.22, d=1.16). Contrary
to our predictions, children with AS used a similar rate of non-canonical syllables (23.69 syllables
per segment) to the LRC group (19.93 syllables per segment, d=.35), which resulted in a higher
proportion of non-canonical syllables for AS (93.97%) than the LRC group (76.88%, d=1.17).

Mann-Whitney U-tests indicated nonsignificant differences in the rate or proportion of
non-consensus utterances (rate: d=.26; proportion: d=.15), or rates and proportions of “Don’t
Mark™ utterances, (rate: d=.13; proportion: d=.29) between the AS and LRC groups, with
approximately 21% of utterances assigned to this category in the AS group compared to 18% in
the LRC group (Table 5).

Summary

Our preliminary data support the utility of the ULP system in AS. Annotations and syllable
counts demonstrated high percent agreement and moderate to excellent inter-rater reliability. Thus,
it appears that annotations produced by ULP coders provide sufficiently reliable data about early
vocalizations of children with AS. ULP-derived metrics were not associated with standardized

language assessments measures or age in AS, potentially reflecting the atypical development of
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language in AS and the well-established limitations of existing standardized language assessments
for this population (Pearson et al., 2019). Indeed, upon visual examination, ULP metrics
demonstrated improved granularity among participants with the same scores on the VL-3 and
CSBS (Figure 4-6 and S6 at

https://osf.io/brv48?view_only=bac60180bd7c43438051e780b8d45155), suggesting that ULP

metrics may produce more nuanced information about vocal development than standardized
language assessments can provide.
Discussion

The present study established the initial “proof of concept” of a novel utterance-level
processing system to efficiently phenotype language development among LRC children and
children with AS. We observed strong coder reliability across groups, and we also found that ULP
metrics aligned with validity metrics (age, language assessments) for the LRC group. Notably,
ULP metrics did not demonstrate similar associations for children with AS. Here we discuss the
implications of these data in terms of ULP system’s utility in IDD and LRC populations.
ULP annotations are reliable and ULP metrics are valid in LRC

Overall, data from the ULP system demonstrated good coder reliability and produced valid
metrics of vocal maturity in the LRC group, suggesting a potential advancement in how
vocalization data can be processed. Until now, obtaining CVR and CBR estimates has either (1)
required trained coders to manually identify utterances in a speech sample, which requires
significant time and resources, or (2) required reliance on “black box™ algorithms, which in some
cases have demonstrated subpar detection accuracy (Cristia et al., 2020; Marchman et al., 2020;
Rankine et al., 2017). The ULP system offers an alternative that balances the automated efficiency

of LENA with the gold standard annotation of human coders to produce reliable estimates of CVR
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and CBR. Given that these vocal features are known to predict language outcomes (e.g., Patten et
al., 2014; Lang et al., 2019; Oller et al., 1999; Roche et al., 2018), the ULP system provides an
innovation in the field’s approach to capturing early vocal features. Use of this procedure may
facilitate more efficient examination of vocal maturity patterns over time, opening the door to
answering big data questions that linger beyond our field’s computational capacities. For example,
we can employ the ULP system to efficiently examine how child language changes in response to
other aspects of their language environment, such as rate or quality of adult input, or how language
changes in response to intervention.
Annotations obtained using the ULP system are reliable in Angelman syndrome

The ULP system also generated promising results in AS and supported the use of LENA
as a recording tool in AS, a population characterized by severe language delays. ULP coder
agreement was good to excellent for AS, suggesting that coders were consistent in their ability to
annotate vocal maturity and provide syllable counts of AS utterances. Furthermore, rates of usable
utterances were comparable to those of LRC, suggesting that neither group stood out in terms of
mislabeled or unusable utterances identified by LENA. These data provide a promising first step
in determining whether LENA is a valid system for collecting naturalistic language samples in AS
and other IDDs. Notably, our analyses do not directly address LENA’s accuracy in AS, as the ULP
system only focuses on child utterances, and the ULP “Don’t Mark” category stringently excludes
utterances that have significant overlapping speech or sound. Therefore, with these data, we cannot
make any evaluations of LENA’s accuracy in identifying other speaker types or LENA’s potential
misidentification of child speech as other speaker types. Furthermore, because ULP coders do not
listen to utterances in the context of the full recording, it may be particularly difficult for them to

identify when LENA has misclassified utterances from other children on the recording who are
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similar in age and/or language level as the target child (though this misclassification appears to
happen rarely; see Cristia et al., 2021). Nevertheless, and with these limitations in mind, our data
suggest that some aspects of the LENA system (i.e., its use as a diarization tool) may be just as
useful for children with IDD as it is for children with expected typical development.

The ULP system may fill a gap in existing language assessment approaches

The lack of valid tools for assessing communication in AS is a known barrier in the field
(Wheeler et al., 2017). As such, the lack of association we observed between ULP outputs,
standardized language assessments, and age may be unsurprising. It is promising, however, that
the ULP system used naturalistic data to generate objective metrics of vocalization quantity and
quality in AS, which provide a granularity that is often not afforded by standardized language
assessments (Figures 4-6 and S6 on OSF).

In the present study, the associations between ULP metrics and age were non-significant
in AS (ranging from d=.22-.42 in magnitude). While this finding may reflect a true lack of growth
in vocal development over time in AS, our cross-sectional sample may also be insufficient to detect
change over time across this relatively restricted age range given the variability in the AS
phenotype and the slower expected rate of growth in vocal development. Thus, future longitudinal
work — including in the context of language intervention — is needed to determine whether ULP
metrics can detect acute changes in development over time and to provide further evidence of the
improved sensitivity of ULP metrics.

There continues to be a need to determine how to best assess validity of new language
measures in AS given the lack of “gold standard” metrics. It is possible that objective metrics such
CVR and CBR could serve as valuable anchors for future work by evaluating whether estimates

of verbal expression — such as caregiver-report tools — align with the day-to-day patterns of child
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output. Given language and communication is a broad category of constructs, however, it is
important to consider whether misalignment across existing tools (e.g., scores that do not align
with “validation” metrics) provides meaningful information. For example, the present study used
language assessments that generally focus on the presence or absence of certain speech skills.
They do not, however, capture the frequency with which children use such skills, which is the
focus of CVR and CBR. Thus, not only might the ULP metrics capture aspects of early speech
skills that are not captured using standard language assessments, but it also may highlight a crucial
area of individual differences among individuals with AS that previous standard language
assessments are too coarse to detect.

Importantly, given that individuals with AS are on the extreme end of language impairment
(as evidenced by the range of VL-3 and CSBS scores; Table 2), exploring the validity of ULP
metrics for children with less severe delays will provide a more comprehensive understanding of
the utility of the ULP system for high-risk populations. It is unclear whether the patterns observed
in this study are reflective of the AS phenotype specifically or whether they reflect the ULP
system’s performance with atypical populations more generally.
The ULP system offers a novel approach for characterizing vocal maturity in IDD

Identifying a reliable method for assessing early vocalizations across ability levels — such
as the ULP system — opens the door for cross-group comparisons that can help us understand
longitudinal phenotypes. As expected, vocalization patterns of children with AS differed in
important ways from the LRC group, despite the differences of age and language level between
the two groups, suggesting the ULP system generates data that is sensitive to the AS phenotype.
Most notably, children with AS used a much lower rate of speech syllables and lower proportion

of canonical syllables which did not increase with age. These data converge with evidence that
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individuals with AS typically do not advance past a language level of approximately 12-24 months
(Andersen et al., 2001). Furthermore, we observed a trend toward decreasing CBR with age in AS
that is distinct from what we see in our separate LRC sample, in which CBR increases across early
development. If corroborated by future longitudinal work, these data suggest that vocal
development in AS may look quite different from LRC, and the benchmarks we place on
evaluating interventions and growth in AS may need to be aligned to these trajectories.

While most vocal metrics differed in AS relative to LRC, it is interesting to note that
children with AS and in the LRC group did not differ in their rate of non-canonical syllables. This
suggests that although children with AS may vocalize less overall and use less advanced
utterances, the rate of non-canonical syllables they produce may be similar to low-risk children
with similar developmental levels. Again, given that the AS and LRC groups were not matched on
age or developmental skills, it is possible that the rate of non-canonical syllables in the AS group
is still characteristic of a much younger language level. Now that we have provided preliminary
data on the reliability of ULP annotations in a sample of children with AS, as well as the validity
of ULP metrics in LRC children using standardized language assessments, our next steps will be
to examine these patterns longitudinally across multiple high- and low-risk groups simultaneously,
including groups matched on both age and developmental level. Mapping early developmental
trajectories in this way can inform both the nature and course of typical and atypical language
development, setting the stage for more effective, targeted intervention.

Conclusion

Although wearable vocal recording devices provide much promise for understanding how

language develops, a number of practical constraints limit their utility. The present study

introduced a novel post-processing system that generates estimates of vocal maturity that are not
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available with automated methods. We found that the ULP system can be used to capture features
of early vocal development related to volubility and canonical syllable usage. This method
demonstrated good coder reliability for both LRC children as well as children with AS. Data from
ULP also aligned with standardized measures of language in the LRC group. Together, these data
suggest that the ULP system offers a method for systematically analyzing naturalistic samples to
capture metrics of vocal development that are unavailable via automated methods or that are costly
to process using human coders. We anticipate that the ULP system will advance the field by
making the analysis of early vocal features more efficient and accessible, addressing a significant
gap in available outcome measures for quantifying vocal maturity development in high-risk

groups.
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Figure 1. Graphic of the ULP utterance selection process. a) LENA divides a full daylong
recording into 5-minute segments. b) The ULP scripts select 10 5-minute segments from the
daylong recording that correspond to the periods of highest child volubility. ¢) The ULP scripts
randomly select 20 5-minute segments from the remaining 5-minute segments of the daylong
recording. d) An example of a single selected 5-minute segment, which contains utterances tagged
by LENA as the Key Child (CHN) and utterances tagged by LENA as other speakers (e.g., FAN).
e) Utterances tagged by LENA as the Key Child are selected for further annotation. f) Selected
utterances are tagged by coders using the ULP coding interface.
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Figure 2. ULP Coding Interface.
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Figure 4. Distribution of ULP Metric Scores Within VL-3 Expressive V-Scores for AS Sample.
Note. ULP metrics demonstrate variability among participants who received the same VL-3 Expressive Language V-Score.
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Note. ULP metrics demonstrate variability among participants who received the same VL-3 Receptive Language V-Score.
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Table 1.

Abbreviations

LENA Language ENvironment Analysis

ULP Utterance-level processing

LRC Low-risk control

AS Angelman syndrome

IDD Intellectual and developmental disabilities

CVR Child vocalization rate

CVR-N Rate of non-canonical vocalizations

CVR-C Rate of canonical vocalizations

CBR Canonical babbling ratio

VL-3 Vineland Adaptive Behavior Scales, 3™ Edition

CSBS Communication and Symbolic Behavior Scales — Infant Toddler Checklist
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Table 2.

Demographic Information

LRC (n=39) AS (n=27)
M (SD) Range M (SD) Range
Age in Months at Recording 11.64 (4.87) 4.11-24.57 3798 (14.41)  11.86-61.80
Household Income $73,514 ($51,127)  $23,000-$300,000 $130,240 ($84,526) $0-$300,000
Race n % n %
White 32 82% 17 63%
Black 1 3% 0 0%
More than One Race 5 12% 3 11%
Not Reported 1 3% 7 26%
Ethnicity n % n %
Hispanic/Latino 1 3% 0 0%
Not Hispanic/Latino 36 92% 20 74%
Not Reported 2 5% 7 26%
Maternal Education n % n %
High School Degree 1 3% 1 4%
Some College 6 15% 5 19%
2-Year Degree 2 5% 2 7%
4-Year Degree 11 28% 8 30%
Professional Degree 15 38% 9 33%
Doctoral Degree 3 8% 2 7%
Not Reported 1 3% 0 0%
Deletion Type n Y% n %
Maternal Deletion -- -- 21 78%
UBE3A Mutation -- -- 1 4%

Paternal Uniparental Disomy -- -- 1 4%
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Unknown -- -- 4 15%
Standardized Language Scores M (SD) Range M (SD) Range
VL-3 Adaptive Behavior Composite? 101.34 (12.21) 82-128 49.25 (7.74) 34-69
VL-3 Receptive V-Score® 14.29 (2.95) 8-18 3.29 (2.31) 1-8
VL-3 Receptive Age Equivalent 10.86 (6.21) 0-30 9.33 (5.21) 2-19
VL-3 Expressive V-Score® 15.34 (2.46) 11-24 1.67 (1.58) 1-7
VL-3 Expressive Age Equivalent 11.94 (8.46) 2-52 7.42 (4.58) 1-18
CSBS Total Standard Score™¢ 94.63 (15.71) 70-128 66.40 (3.13) 65-72
CSBS Speech Composite Score® 9.30 (3.17) 3-17 4.60 (3.05) 3-10

Note. CSBS = Communication and Symbolic Behavior Scales; VL-3 = Vineland Adaptive Behavior Scales, 3™ Edition; M =
mean, SD = standard deviation.?*VL-3 Adaptive Behavior Composite and CSBS Total Standard Score have a mean of 100 and
standard deviation of 15. °VL-3 V-Scores have a mean of 15 and a standard deviation of 3. “°CSBS Speech Composite Scores
have a mean of 10 and a standard deviation of 2./CSBS normative scores are only available for 30 LRC participants (77%) and
5 AS participants (23%) who were within the CSBS normative age range (i.e., 6-24 months).
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Table 3.

ULP Utterance Agreement in LRC

0% Agreement® 66% Agreement” 100% Agreement®
n % n % n %
Annotation 889 3% 9,570 38% 14,997 59%
# Canonical Syllables 780 3% 5,782 23% 18,894 74%
# Non-Canonical Syllables 4,088 16% 11,846 47% 9,522 37%
Note. Rows sum to the total number of LRC utterances coded (i.e., 25,456).
Table 4.
ULP Utterance Agreement in AS
0% Agreement® 66% Agreement® 100% Agreement®
n % n % n %
Annotation 525 4% 4,348 30% 9,661 66%
# Canonical Syllables 141 1% 1,811 12% 12,582 87%
# Non-Canonical Syllables 1,885 13% 6,646 46% 6,003 41%

Note. Rows sum to the total number of AS utterances coded (i.e., 14,534).
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Table 5.
ULP Metric Descriptives and Group Comparisons
Low-Risk Controls Angelman Syndrome Mann-Whitney U Test
M (SD) Range M (SD) Range U p p' d
Canonical Babbling Ratio 0.22 (0.18) 0.00-0.70 0.06 (0.05) 0.00-0.25 207 <.001 <.001 1.16
Rate 15.63 (5.43) 6.43-25.67 13.18 (6.41) 3.90-27.27 3925 .082 1.000 .43
Speech Utterances oa
Z 71.56 (12.16) 34.11-93.10 72.28 (12.59) 44.10-97.15 528 990 1.000 .06
Word Syllables Iia‘;e 0.33 (0.79) 0.00-3.94 0.05 (0.14) 0.00-0.58 3145  .002 128 .46
Z 0.84 (1.56) 0.00-6.64 0.21 (0.68) 0.00-3.25 311 002 112 .50
) Rate 7.75 (8.68) 0.10-39.55 1.22 (0.98) 0.07-4.26 231.5 <.001 .007 .99
Canonical Syllables o/b
%0 22.29 (17.83) 0.46-66.53 5.82 (5.63) 0.49-25.63 206 <.001 <.001 1.18
Non-Canonical Syllables Rate 19.93 (6.30) 7.96 (32.43) 23.69 (15.38) 6.06-76.84 564 629  1.000 .35
%> 76.88 (18.53) 26.83-99.54 93.97 (5.96) 74.37-99.51 858 <.001 <.001 1.17
Non-Speech Utterances Rate 1.62 (1.79) 0.10-10.37 0.74 (0.74) 0.13-2.87 2335 012  .682 .59
%?* 7.54 (9.07) 0.45-51.75 4.03 (3.12) 0.48-10.72 284 092 1.000 .48
Don’t Mark Utterances Rate 3.81(2.45) 0.90-13.23 3.50 (2.33) 0.43-8.90 471 473 1.000 .13
%?* 17.84 (9.52) 5.03-43.11 20.81 (11.72) 1.54-52.31 609 285  1.000 .29
Non-Consensus Utterances Rate 0.76 (0.44) 0.13-1.77 0.65 (0.44) 0.03-1.73 438 251 1.000 .26
%? 3.35(1.40) 0.96-6.97 3.61 (2.10) 0.56-8.05 517 907  1.000 .15

Note. Bolded values are significant after correcting for multiple comparisons; italic values are significant but not after correcting for multiple
comparisons; M = mean, SD = standard deviation, U = Mann-Whitney U test statistic, p = unadjusted p-value, p’ = adjusted p-value, d = Cohen’s d.
aSpeech, Non-Speech, Don’t Mark, and Non-Consensus utterance percentages indicate the proportion of total utterances represented by each category
(i.e., percentages of Speech, Non-Speech, Don’t Mark, and Non-Consensus utterances should add up to approximately 100%). ®"Word, Canonical, and
Non-Canonical syllable percentages indicate the proportion of total speech syllables represented by each category (i.e., percentage of Word, Canonical,
and Non-Canonical syllables should add up to approximately 100%).
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Table 6.

Concurrent Associations of ULP Metrics with Parent-Reported Language Assessments

Low-Risk Controls Angelman Syndrome
CVR-C CVR-N CBR CVR-C CVR-N CBR
M 1 1 1 M 1 1 1
(SD) p p p p p p p p p (SD) p p p p p p p p p
. 11.64 37.98
Age at Recording gy 76 <001 <001 06 716 1000 .79 <001 <001 (441 22 266 1000 30 126 1000 -42 029 1000
M , , , M , , ,
VL-3 sp) P p p p p p p p p spy P p p p p p p p p
Receptive Language 2137 68 <001 <001 -01 941 1000 .68 <001 <.001 812 0 93 1000 07 763 1000 -16 454 1.000
raw score (12.98) (11.72)
Expressive Language 1880 ¢ _ 01 —001 -11 536 1000 .70 <001 <.001 1200 6> 931 1000 19 387 1.000 -21 325 1.000
raw score (14.81) (5.79)
EL Item: (3 one-
syllable speech L7 s 003 g62 13 481 1000 48 005 285 146 51 330 1000 40 057 1000 -04 853 1.000
(0.59) (0.88)
sounds)
EL Item: (Babbles in 1.71 0.46
sirings of sounds) ©72 53001 092 01 950 1000 .56 001 048 (0g3) 14 53 1000 05 1L 1000 -02 929 1000
M 1 1 1 M 1 1 1
CSBS sp) P p p P p p P p p sp) P p p P p p P p p
5.97 2.12
Speech scale raw score e 62 <001 007 -07 681 1000 .66 <001 <001 (s4y ~17 426 1000 06 792 1000 -24 251 1000
Understanding 294 sy oo1 068 05 777 1000 52 002 109 29 o1 961 1.000 .17 423 1000 -18 387 1.000
subscale raw score (1.70) (1.67)
Sounds Item: (uses
sounds to get 149 51 o4 1000 14 425 1000 22 216 1.000 LO8 10 648 1.000 16 459 1.000 -17 434  1.000
; (0.70) (0.70)
attention)
Sounds Item: (strings 1.09 0.20
sounds together) (o2 S1 <001 007 -09 623 1000 .63 <001 .007 (Os0) 05 835 1000 44 031 1000 07 738 1.000
Sounds Item: (number 2.34 0.72
of consonants) (ogy 3001 092 -24 176 1000 .57 001 .03 079y ~13 5% 1000 12 580 1000 -23 276 1000
Words Item: (number 091 s po2 109 -04 809 1.000 .54 .00 .074 012 43 034 1000 10 658 1.000 -52 010 .570
of single words) (1.12) (0.33)
Words Item: (two 0.14 0.00
words togother) (043) A5 008 476 02 917 1000 43 .01 594 000 - - - - - - - -

Note. Bolded values are significant after correcting for multiple comparisons; italic values are significant but not after correcting for multiple comparisons.
CSBS = Communication and Symbolic Behavior Scales; CBR = canonical babbling ratio; CVR-C = canonical child vocalization rate; CVR-N = non-canonical
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child vocalization rate; VL-3 = Vineland Adaptive Behavior Scales, 3™ Edition; M = mean, SD = standard deviation, p = Spearman’s rho, p = unadjusted p-
value, p’ = adjusted p-value, d = Cohen’s d.



