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Abstract

What cognitive mechanisms allow young autistic children to learn words amidst the
complexity of natural language environments? This dissertation sought to inform this question by
investigating the ability of 2- to 4-year-old autistic children and neurotypical (NT) peers to learn
words by tracking statistical co-occurrences between labels and referents across multiple
contexts (i.e., cross-situational learning (CSL). While previous CSL studies examined children’s
ability to map each novel word to a single object, in natural environments children must track the
co-occurrences between novel words and the many objects to which that word may refer. Thus,
to elucidate the extent to which autistic children can harness cross-situational statistics to learn
words referring to perceptually variable objects, I also administered a CSL task that included
three exemplars varying in color for each novel word. I further examined whether explicit
naming would improve word learning from variable exemplars. Finally, I investigated child
characteristics predictive of individual differences in word learning across these conditions
among autistic children. Analyses revealed that while autistic children did not show evidence of
learning in the basic CSL task, they did demonstrate learning in the CSL task with exemplar
variability. Further, they outperformed younger NT children on the task when nonverbal
cognition was covaried. Explicit naming of variable exemplars did not improve performance for
the autistic children and improved performance in the NT children to a greater extent compared
to autistic children. Individual differences analyses revealed receptive language was associated
with autistic children’s performance in the basic CSL task and chronological age was associated
with performance when variable exemplars were explicitly named. In sum, results indicated that
preschool-age autistic children as a group could successfully use cross-situational statistics to

learn words with (but not without) exemplar variability, and that learning was not improved by



explicit naming. However, within-group variability in word learning was evident across tasks,
explained in part by individual differences in receptive language and chronological age. More
research will be needed to fully understand the mechanisms underlying this surprising pattern of
findings, which might include the extent to which visual attention is directed by the perceptual
salience of stimuli. While preliminary, these findings may inform future research, clinical
practice, and environmental accommodations tailored to the individual strengths and needs of

young autistic children.



Chapter 1: Introduction

Delayed “first words™ is often one of the earliest and most visible signs of developmental
difference among autistic children (Mitchell et al., 2006; Nitzan et al., 2022).! However,
structural language abilities can be highly heterogeneous across the autism spectrum as
development unfolds (Tager-Flusberg & Joseph, 2003; Anderson et al., 2007; Wittke et al.,
2017). While many autistic individuals understand and produce words within the average range
for their age (e.g., Wittke et al., 2017), around 20-30% remain non-speaking into middle
childhood (Anderson et al., 2007; Lord et al., 2004). Many autistic children experience early
language delays, producing first words at an average age of 23 months compared to 12 months as
75% of neurotypical (NT) children do (Mayo et al., 2013; Schneider et al., 2015). Though early
language development has been found to be delayed on average, there is considerable within-
group variability (Ellis Weismer et al., 2010; Rescorla & Safyer, 2013). Several studies have
reported null differences in lexical-semantic abilities between autistic and NT children. For
example, autistic children can map labels to objects at basic and superordinate category levels
(Tager-Flusberg, 1985) and generally do not make more mapping errors than expressive
vocabulary-matched NT peers in developmentally appropriate word learning tasks, even when
required to integrate social information (Luyster & Lord, 2009). By the age of school entry,
many autistic children perform as well as same-age NT peers on vocabulary tests (Kelley et al.,
2006; Kjelgaard & Tager-Flusberg, 2001; Wittke et al., 2017). Other studies have indicated that
autistic children do not differ from mental age-matched NT peers when sorting objects into
categories according to function, color, and physical form (Ungerer & Sigman, 1987) or to age-

and cognition-matched NT children in identifying typical category exemplars (Gastgeb et al.,

! Throughout this dissertation, I intend to adhere to the terminology preferred by the autistic community as outlined
by Monk et al. (2022).



2006). Autistic children also appear to share the tendency of NT peers to map novel words to
objects as opposed to actions (e.g., the noun bias; Swensen et al., 2007; Tek et al., 2008).
However, results differ across studies depending on group characteristics and the basis of
comparison. While studies have not found differences in early lexical composition among
autistic children, NT children, and Late Talkers matched on expressive language, (Ellis Weismer
et al., 2011; Rescorla & Safyer, 2013), when preverbal and minimally-verbal autistic children
were compared to NT peers matched on size of productive vocabulary, differences in lexical
composition were detected (Haebig et al., 2021). Together, evidence suggests lexical-semantic
abilities vary considerably in autistic children depending on the task and individual
characteristics. However, even in those with quantitatively similar language abilities as same-
age NT peers, subtle differences have been found at more abstract levels of the lexical-semantic
domain — namely, categorization and lexical organization (see Naigles & Tek, 2017 for a
review). In this chapter, I review the lexical-semantic phenotype in autism including lexical
organization and acquisition mechanisms, describe the broad theoretical framework informing
this work, and summarize the studies comprising this dissertation.
Lexical Organization and Categorization

The extant research on lexical-semantic organization and categorization can be broadly
divided into two areas of study: those investigating the structure and organization of existing
lexical-semantic knowledge, and those examining processing of new information. Within the
former, evidence for diagnostic group differences is conflicting. A study of school-age children
participating in a lexical decision task demonstrated that autistic children did not differ in
accuracy and efficiency in responding to words from large and small semantic networks and

nonwords compared to same-age NT children with similar receptive language and nonverbal



cognition (Haebig et al., 2015). Studies examining existing within-category knowledge have
found that autistic children produced either smaller (Pastor-Cerezuela et al., 2016) or larger
(Begeer et al., 2014) clusters of related words on semantic fluency tasks in comparison to age-
and cognition-matched NT children. Other studies found autistic children were comparable to
NT peers in processing of typical exemplars of familiar categories but may process atypical
exemplars more slowly (Gastgeb et al., 2006), or perform less stably overall (Ellawadi et al.,
2017). Autistic children have also been found to produce less prototypical exemplars than NT
children with similar age and nonverbal cognition (Foldager et al., 2022) or receptive language
(Dunn et al., 1996) for some known categories. Semantic priming studies have also provided
insight into existing semantic organization in autistic children, with similarly conflicting
findings. Autistic school-age children demonstrated semantic priming effects in several studies,
showing evidence of knowledge of the semantic relation between prime and target (Hala et al.,
2007; Harper-Hill et al., 2014; Toichi & Kamio, 2001). However, other studies reported findings
of mixed or smaller semantic priming effects in autistic children in comparison to NT peers
(Henderson et al., 2011; Kamio et al., 2007). These conflicting findings are likely due to
methodological differences. Henderson et al. (2011) reported no differences semantic priming
between groups at the stage when processing was more automatic, only detecting weaker
priming effects in the autistic group at later stages of processing. Meanwhile, Kamio et al. (2007)
presented prime and target words orthographically but did not measure variability in reading
skills, which could account for the diagnostic group differences reported.

Differences have also emerged in studies examining the formation of categorical
representations or processing of new semantic information, though the evidence is likewise

mixed. One view of category learning suggests NT children form categories (including lexical



categories) on the basis of an abstracted “ideal” or composite of category exemplars, called a
prototype (Molesworth et al., 2008). New exemplars are then judged against this prototype to
determine category membership. Differences in prototype formation has been proposed as one
possible mechanism underlying differences in lexical-semantic abilities in autism. For example,
in one study, school-age autistic children as a group did not identify a novel prototypical
exemplar (the mathematical average of all previously presented category exemplars) as a lexical
category member, unlike receptive vocabulary-matched NT children (Klinger & Dawson, 2001).
Findings of differences in prototype formation and use compared to age-matched NT children
with similar cognitive abilities have also been reported in the perception literature (Church et al.,
2010; Gastgeb et al., 2009). However, other studies of autistic children with language and
cognitive abilities in the average range for their age contradicted this finding, suggested that
prototype learning may be more heterogeneous across the autism spectrum in relation to other
abilities (i.e., generalization ability, nonverbal cognition) or depend on elements of task design
(i.e., task ambiguity linguistic demands; Church et al., 2015; Molesworth et al., 2005, 2008).
Autistic children have also demonstrated differences in categorical induction (Gelman &
Markman, 1986). Studies have reported that despite having vocabulary scores in the average
range, autistic children had more difficulty than NT peers extending category properties to novel
objects given the same label (i.e., if a white rabbit eats grass, so should a brown rabbit) (Kelley et
al., 2006) with residual difficulties persisting into adolescence (Naigles et al., 2013). It is
important to note that categorization and generalization difficulties are likely also heterogeneous
across the autism spectrum depending on individual characteristics and developmental level and
are not limited to vocabulary learning. McGregor and Bean (2012) found that autistic children

understood that nouns label nested, hierarchical categories of objects, but those with weaker



structural language ability were less able to use social context to constrain category boundaries
than age-matched NT peers, resulting in overly broad categories. A study of categorical
induction in autistic adolescents and adults with average range cognition and language did not
find differences from same-age NT comparisons (Soulicres et al., 2011) suggesting
developmental change in this ability among the subset of autistic individuals represented by this
sample. In the perceptual literature, autistic adults demonstrated no differences in perceptual
categorization, but poorer generalization compared to age and nonverbal cognition-matched NT
adults (Froehlich et al., 2012).
Word Learning Biases

Several studies have also investigated NT attentional word learning biases as candidate
processes underlying developmental differences in language in autism. English-speaking NT
children employ strategies such as the whole object principle (assuming labels refer to an entire
object rather than its constituent parts; Markman, 1990), the noun bias (mapping novel words to
objects rather than actions; Gentner, 1982), mutual exclusivity (mapping novel words to novel
objects rather than objects with known labels; Markman & Wachtel, 1988), and the shape bias
(extending novel words to novel objects based on object shape rather than other perceptual
features such as size, color, or texture; Landau et al., 1988). These processes aid word learning
by constraining the otherwise infinitely possible word-to-object mappings present in the learning
environment (Quine, 1960). Autistic children, however, show mixed evidence of reliance on the
same word learning biases as NT children. Studies suggest autistic children do have a noun bias,
tending to map novel words to objects rather than actions (Swensen et al., 2007; Tek et al.,
2008). Several studies have indicated that school-age autistic children demonstrate mutual

exclusivity during referent (de Marchena et al., 2011; Hartley et al., 2019; Preissler & Carey,



2005) while a study on mutual exclusivity in autistic preschoolers suggests use of this strategy
may be attenuated compared to nonverbal cognition-matched NT peers (Mathée-Scott et al.,
2022). Among these findings, one word learning constraint stands out as the most consistent
evidence of differences in autism - the shape bias (Potrzeba et al., 2015; Tek et al., 2008).
Shape Bias

The shape bias refers to the tendency to generalize novel words to novel objects based on
object shape rather than other features such as texture, color, or size, as first observed by Landau,
Smith, and Jones (1988). In the classic shape bias paradigm, children are presented with a novel
object labeled with a novel word “this is a dax.” They are then presented with an array of objects
matching the dax on only one dimension and asked “Which of these is also a dax?” For example,
one object matches the dax on shape (but not color or size), while the other two objects would
match the dax on another dimension (e.g., color or size) but not shape. Both NT adults and
children as young as two years old consistently choose the novel object matching the dax on
shape, extending the novel word and classifying objects based on shape rather than size or
texture (Landau et al., 1988). Smith and colleagues (Smith, 1999; Smith et al., 2002; Smith &
Samuelson, 2006) have proposed a mechanistic theory explaining this phenomenon in NT
children, known as the Attentional Learning Account (ALA). According to the ALA, early word
learning is acquired through simple associative learning processes. As these first words are
learned, the structure of the input begins to teach an association between the syntax used for
count nouns and object shape. Thus, the structure of children’s early input trains their attention to
relevant object category features (i.e., shape for early count nouns), in turn training future
learning on the basis of shape. Indeed, corpus analyses have suggested that children’s early

lexicons contain the regularities necessary to build a shape bias (Samuelson & Smith, 1999). In



further support of this account, Smith and colleagues have demonstrated that the shape bias
emerges after children have acquired ~50 count nouns in their productive vocabulary, typically
around 2 years of age for NT children (Landau et al., 1988; Smith et al., 2002). In contrast to the
ALA, others have argued that the shape bias reflects underlying conceptual knowledge about
object features and kinds, which may be present far earlier than language production (Booth et
al., 2005; Booth & Waxman, 2008; Gelman, 2003). These researchers have argued that
conceptual information may constrain word learning from birth in addition to perceptual and
linguistic information.

As a group, young autistic children have not generally demonstrated a shape bias in
previous work (Hartley & Allen, 2014; Potrzeba et al., 2015; Tek et al., 2008; Tovar et al.,
2020). In both a longitudinal group comparison study and extension study by the same research
group, NT children showed a consistent shape bias from 20-24 months onward, while language-
matched autistic children as a group did not have a shape bias at any visit (Potrzeba et al., 2015;
Tek et al., 2008). In a study with school-age children, “low-functioning”? autistic children were
found to generalize novel labels to objects based on color and shape, shape only or color only,
while language-matched NT children generalized based only on shape (Hartley & Allen, 2014),
while Tovar et al. (2020) found that autistic children tended to extend object labels based on
color and novelty. Another study of school-age children concluded that autistic children with low
“verbal mental age” do not show a shape bias, while children with high verbal mental age (>4;6)
do when an object is named (Field et al., 2016). The authors interpret this finding as suggesting
that shape bias development may be delayed (but not absent) in autism. Indeed, some individual

children — particularly those with larger vocabularies — do show a shape bias, and vocabulary is

2 This term is potentially offensive and non-preferred by the autism community (Monk et al., 2022) but is included
in this description due to its use in the cited paper.



related to shape bias performance in autism (Potrzeba et al., 2015). However, Potrzeba and
colleages (2015) did not find any threshold effect of count or shape nouns for shape bias
development among autistic children. Moreover, one study reported a negative correlation
between known shape nouns and shape bias in autistic children with high language ability (but
not low language ability), though the relationship did not reach significance in regression models
(Abdelaziz et al., 2018). These findings suggest that vocabulary acquisition may not be the key
mechanism underlying shape bias development in autism, as has been proposed for NT children
(Samuelson & Smith, 1999; Smith et al., 2002) and Late Talkers (Jones, 2003). Preschoolers
with specific language impairment (SLI; now known as a subtype of developmental language
disorder; DLD) also do not tend to demonstrate a shape bias (Collisson et al., 2015). Given the
role of vocabulary in shape bias development among other children with and without language
impairments (LI; Collisson et al., 2015; Jones, 2003; Perry et al., 2022) and the heterogenous
findings in autism (Potrzeba et al., 2015; Abdelaziz et al., 2018), it is likely that learning
regularities from vocabulary does support the development of a shape bias (and in turn future
lexical development) for at least some autistic children. However, since vocabulary delay does
not appear to fully explain this difference, researchers have proposed alternative mechanisms.
One possibility is that early conceptual difficulties in autism underlie differences in shape bias
development (Booth et al., 2005; Booth & Waxman, 2008; Tek & Naigles, 2017). As described
by Tek and Naigles (2017), autistic children may have difficulties with the conceptual
foundations that underlie word learning, which could include abstraction processes necessary for
category formation and induction. Possible cognitive mechanisms have also been explored using
computational modeling (Tovar et al., 2020). In this study, an atypical shape bias in autism was

modeled by local hyperplasticity and hyperconnectivity. Hyperplasticity and hyperconnectivity



of the local processing networks resulted in fragmented categorical representations (rather than a
generalized prototype representing the abstraction of previous learning) which compete to attract
processing of incoming stimuli, further preventing robust, well-organized categories. The
computational modeling was further supported by behavioral data demonstrating a tendency
among autistic children to extend novel labels to objects based on novelty, regardless of
perceptual properties (such as shape; Tovar et al., 2020). Outside of the laboratory, an early lack
of shape bias may have cascading consequences for early count noun learning. For example, a
recent semantic analysis of large language corpora revealed that the expressive lexical profile of
minimally- and pre-verbal autistic toddlers (producing 1-10 words) differed from younger,
expressive vocab-matched NT, containing proportionally more verbs and fewer nouns (Haebig et
al., 2021). While their semantic knowledge and organization may differ from NT peers, autistic
children clearly learn words. Empirical findings suggest one process through which autistic
children may acquire new words is by tracking statistical associations between labels and
referents across different contexts, known as cross-situational learning.
Cross-Situational Learning

Statistical learning theory posits that learners are sensitive to statistical regularities in the
input. This ability enables infants as young as 8 months old to extract statistical regularities in
verbal input after only 2 minutes exposure (Saffran et al., 1996). In terms of word learning,
specifically label-referent mapping, children’s sensitivity to the statistical correlations between
labels and their referents facilitates word learning even with high levels of referential
uncertainty, when no other associative cues are present. Previous evidence suggests that children
and adults are able to learn the meanings of words simply through their repeated co-occurrence

with a referent across contexts — referred to as cross-situational learning (CSL; Smith et al.,
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2011). In the classic CSL paradigm, learners are exposed to repeated trials in which two or more
novel referents are presented with two or more spoken novel words, with no additional cues
provided. Across trials, each word-referent pair occurs repeatedly with a variety of other word-
referent pairs. As such, the only information available to learners to disambiguate the word-
referent pairings is their statistical co-occurrence across these varying contexts over multiple
exposures. Using cross-situational statistics, learners can acquire adjectives (Akhtar &
Montague, 1999), verbs (Scott & Fisher, 2012), nouns (Vlach & Johnson, 2013; Yu & Smith,
2007), and noun categories (Chen et al., 2018). CSL can even allow for simultaneous learning of
word-referent pairings from multiple grammatical categories (Rebuschat et al., 2021). Though
CSL performance may improve with age over the preschool years (Aktar & Montague, 1999),
children as young as 12 months can quickly acquire novel word-object pairs presented together
across contexts (Smith & Yu, 2008). How do young children accomplish this feat? One account
claims that simple associative learning mechanisms could be responsible (Yu, 2008; Yu et al.,
2007). Two possible strategies using associative learning could underlie CSL: A frequentist
approach, wherein associative links are strengthened or weakened as co-occurrences or non-co-
occurrences accumulate, or an elimination approach, involving formulation and evaluation of
hypotheses. However, researchers have posited no fundamental mechanistic difference between
these two strategies as both rely on associative learning (Kachergis et al., 2012). It is also
possible that CSL reflects a continuum of learning strategies underpinned by simple associative
mechanisms depending on the level of referential uncertainty in the task. When referential
uncertainty is high, a frequentist approach may be most beneficial, while an elimination
approach may be more appropriate for low referential uncertainty (Smith et al., 2011).

Regardless of the specific strategy employed, evidence supports the idea that CSL is essentially
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associative in nature and relies on aggregating information across instances because there are
effects of contextual diversity (Suanda et al., 2014). That is, children’s learning was improved
with more variability in the learning set, indicating that learning depends on co-occurrence
information accrued across contexts.

CSL has also been investigated in school-age children with developmental language
disorder (DLD). Across studies, children with DLD were outperformed by peers with typical
language abilities (Ahufinger et al., 2021; Broedelet et al., 2023; McGregor et al., 2022) though
they showed word learning accuracy above chance (Ahufinger et al., 2021; Broedelet et al.,
2023) and learned words at a similar rate to peers with typical development (McGregor et al.,
2022). Interestingly, one study reported that children with DLD did not rely on statistical
aggregation as a learning strategy in a CSL task and their learning outcomes were not related to
extant vocabulary. These findings suggest children with DLD may therefore employ different
mechanisms to learn words than peers with typical language (McGregor et al., 2022).

Autistic children have demonstrated relative strengths in behavioral studies of statistical
learning across a variety of tasks (e.g., serial reaction time, contextual cuing, word segmentation,
and artificial grammar learning; see Obeid et al., 2016 for a meta-analysis; but see Hu et al.,
2023 for contradictory findings). Regarding cross-situational word learning specifically, three
studies to date have investigated this ability in school-age and adolescent autistic children.
Children in this age group (5-9 years, Venker, 2019; 5-15 years, Hartley et al., 2020), learned
words with accuracy that did not differ from younger, receptive vocabulary-matched NT peers
on a CSL task. Moreover, children did not differ in the CSL task compared to ostensive teaching,
where objects are explicitly labeled in a 1:1 naming context (Hartley et al., 2020; Venker, 2019).

However, Hartley et al. (2020) did report that autistic children were significantly slower to
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identify named referents. In the third study, autistic children (M age = 134 months) also did not
differ from NT peers of a similar age and nonverbal cognitive ability on a CSL task, again
performing better than chance on novel word-object mapping (McGregor et al., 2013). However,
autistic children across studies varied considerably within group. Some children learned well,
while others showed little evidence of learning (Venker, 2019). Learning was associated with
language measures, including familiar word processing (Venker, 2019) and receptive vocabulary
(McGregor et al., 2013), but not level of autism traits or nonverbal cognition (Venker, 2019).
Accuracy of referent selection during training (but not retention or generalization of learning)
was also associated with receptive vocabulary (Hartley et al., 2020). To date, no studies have yet
examined CSL in autistic children before the age of school entry, so it is not known whether
autistic children in the early stages of language acquisition are able to track statistical structure in
the input to learn object-label mappings. Another unknown, even for older autistic individuals, is
whether word learning is differentially affected by noise in the input surrounding the statistical
structure — in other words, variability.
Learning from Variability

While not yet examined in the linguistic domain for autistic children, research going back
decades emphasizes the role of variability in learning (Estes & Burke, 1953). Variability
decontextualizes representations, thereby improving generalization (Schmidt & Bjork, 1992;
Twomey et al., 2018). Variability in exemplars may encourage comparison among category
members and draw attention to common structure, thus informing categorization (e.g., Namy &
Gentner, 1999). Without variability, early lexical representations may be over-specified
(Apfelbaum & McMurray, 2011; Sandhofer & Schonberg, 2020). However, not all variability is

helpful. A training set is more effective when variability occurs on dimensions that are irrelevant



13

to category structure — otherwise, children might associate noncontrastive cues with objects
(Apfelbaum & McMurray, 2011). Theoretically, simple associative mechanisms may also
account for the role of variability in word learning (Apfelbaum & McMurray, 2011). From the
lens of the Attentional Learning Account (Smith & Samuelson., 2006), within-category
variability informs attentional biases by drawing attention to the underlying structure of the
category - and over time, the structure of the input broadly - to form specific attentional biases
such as the shape bias (Sandhofer & Schonberg, 2020). In terms of the statistical learning
framework, variability of irrelevant features increases the salience of more statistically
consistent, relevant structures, facilitating their learning (Aguilar et al., 2018; Gomez, 2002;
Plante et al., 2014).

Extant evidence broadly supports the facilitative role of variability in children’s learning
of novel words for concrete objects. In one study, 18-month-old children were taught novel
nominal categories with either variable (dissimilar) or highly similar exemplars. All children
learned trained labels, but variable exemplars facilitated generalization to novel exemplars and
the development of a more specified word learning bias. That is, children who learned from
variable exemplars learned not only when to apply the shape bias, but also when not to apply a
shape bias, resulting in faster vocabulary gains (Perry et al., 2010). Another study taught 2-year-
olds a novel noun category through multiple referent selection trials where a novel object was
presented in the context of familiar objects and given a novel label. Children were placed in one
of two conditions. In the single exemplar condition, children saw the same exemplar throughout
training. In the multiple exemplar condition, children were presented with several within-
category exemplars throughout training, differing in color but matching in shape. Children in

both conditions did well with immediate referent-selection, but only those in the exemplar
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variability condition retained the novel noun category after a delay (Twomey et al., 2014). In a
second experiment, the researchers compared children’s novel noun learning between narrow
within-category variability — where the multiple exemplars differed only in color - and wide
within-category variability, where exemplars differed across multiple dimensions, such as color,
texture, and size. Only children in the narrow variability condition retained learning after a delay
(Twomey et al., 2014). Variation across too many perceptual dimensions in the wide within-
category variability condition likely increased the difficulty of initial category formation.
However, the authors did not account for minor modifications in shape among within-category
exemplars stimuli in their wide variability stimuli set that were not present in the narrow
variability stimuli, which may have been particularly detrimental to word learning for children in
the wide variability condition. This finding emphasizes the importance of shared structure
(usually shape for concrete nouns) across within-category exemplars for variability to facilitate
word learning. Aside from variation in perceptual features across exemplars, other forms of
variability may also impact upon children’s word learning. For example, variability in the
background on which novel objects are presented across trials facilitated retention of label-object
mappings in 2-year-old children (Twomey et al., 2018). The authors suggested that background
variability acts as a decontextualization mechanism for lexical representations, better specifying
the essential structure of the representation by increasing the signal-to-noise ratio.

However, input variability may not be helpful for all learners in all contexts. For
example, in a study of 4- to 7-year-old bilingual and monolingual NT children, speaker
variability overall did not affect immediate novel label-object mapping in a CSL task compared
to listening to only one speaker (Crespo & Kaushanskaya, 2021). However, children with lower

sustained attention performed better in the speaker variability condition. This finding may lend
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support to attention as a mechanistic pathway through which variability improves word learning.
In another study with a similar sample (5- to 8-year-old monolingual and bilingual children),
speaker variability was combined with exemplar variability to determine whether children
learned as well with variability across multiple modalities, as is often required in naturalistic
learning. In this study, generalization to a new exemplar was the proxy measure for word
learning. Results indicated that neither exemplar variability nor speaker variability alone
conferred word learning advantages over no variability, and that combined exemplar-speaker
variability did not differ from variability in a single modality for children overall. However,
bilingual children were more accurate than monolingual children in the combined variability
condition (Crespo et al., 2023). It also appears that very young learners may not benefit from
multiple exemplars during word learning. Taxitari et al. (2020) found that 10-month-old NT
infants were able to learn word-object mappings from a single exemplar but failed to learn when
presented with multiple exemplars during training. The researchers attributed this result to
excessive cognitive demands for such young learners. Another study presenting contrary
evidence found that 2.5- and 3-year-old NT children demonstrated better novel verb learning and
extension when viewing only one actor repeatedly compared to four different actors (Maguire et
al., 2008). Given that mapping a novel label to an action may be more challenging than mapping
to a novel object (e.g., Gentner, 1982, 2006; Gentner & Boroditsky, 2001), these findings may
suggest that variability is less beneficial if the difficulty of a task is already high. In sum, the
extant literature suggests that while variability appears to be broadly beneficial to word learning
in NT children (at least for concrete nouns), the effect may not be evident in all children to the
same extent. Might children with neurodevelopmental disorders, particularly those with language

difficulties, also benefit from variability in the input?
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Though data are limited, it appears the answer is yes for children with developmental
language disorder (DLD; sometimes referred to in older literature as specific language
impairment; language impairment, or language learning disabilities; Bishop et al., 2017). In one
study, 4- to 5-year-old children with DLD were taught novel words corresponding to either three
different exemplars or a single exemplar. While children in both conditions mapped and
generalized the novel words when tested immediately after training, those in the exemplar
variability condition retained that learning significantly better after a 3-week delay (Aguilar et
al., 2018). Another study examined the effect of high or low variability in verbs used in a
conversational recast treatment for preschool children with language impairment. Results
suggested that high variability of unique verbs led to gains in trained (but not untrained)
morphemes (Plante et al., 2014). In addition, more children in the high-variability condition
showed a strong treatment effect and produced more unique utterances containing trained
morphemes compared to the low-variability condition. A final study including individuals with
impaired language investigated the effect of visual variability in the training of academic
concepts to college students. In the high-variability condition, participants were as accurate on
novel items as trained items, while participants in the low-variability condition were less
accurate on novel items. Students with language learning difficulties showed the same pattern of
performance as students with typical language abilities but were less accurate overall
(Bourgoyne & Alt, 2017).

To date, no studies have investigated the effect of variability in the word learning of
autistic individuals. However, evidence from nonlinguistic domains suggests variability may not
be as useful to at least a subset of autistic children. In a perceptual category learning task, 7-12-

year-old autistic children who were considered ‘“high-functioning” but had difficulty with
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generalization learned better from prototype-only training than from perceptually-variable
exemplars, while those with generalization skills similar to NT individuals generalized better
when trained with variable exemplars (Church et al., 2015). The researchers noted that a large
portion of the autistic participants had difficulty with generalization, even with a sample
consisting only of “high-functioning” individuals with language and cognitive abilities in the
average range for their age. If children with a wider range of abilities had been included, it is
likely that atypical generalization (and thus poorer learning from variability) would have been
evident in an even larger portion of the autistic group.
Summary and Theoretical Framework

In sum, the lexical-semantic profile of autism that has emerged from previous literature
can be characterized by heterogeneity across individuals, studies, and specific processes, but also
by some broad trends. On average, autistic children have demonstrated early language delays
despite considerable within-group variability (Ellis Weismer et al., 2010; Rescorla & Safyer,
2013). Depending on group characteristics and matching criteria, at least a subset of autistic
children have been found not to differ from NT peers on many language measures, including
standardized vocabulary assessments (Kelley et al., 2006; Kjelgaard & Tager-Flusberg, 2001;
McGregor et al., 2012), label-object mapping (Luyster & Lord, 2009; Tager-Flusberg, 1985),
mapping novel words to objects rather than actions (Swensen et al., 2007; Tek et al., 2008), and
several linguistic statistical learning tasks (Haebig et al., 2017; Mayo & Eigsti, 2012; see Obeid
et al., 2016 for a meta-analysis, but see Hu et al., 2023). Cross-situational learning (CSL) studies
have yielded no differences in fast mapping and generalization of novel words between autistic
children and receptive vocabulary-matched NT peers (Venker, 2019; Hartley et al., 2020).

However, the youngest autistic children included in previous studies were 4- to 5-years old,
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leaving the developmental emergence of CSL an open question to be addressed in this
dissertation. Autistic children have diverged from NT lexical-semantic development in previous
literature more often in lexical organization and categorization, particularly on tasks involving
greater abstraction and complexity (i.e., Church et al., 2015; Gastgeb et al., 2006; Kelley et al.,
2006; Naigles et al., 2013). While autistic children as a group do appear to have a noun bias
(Swensen et al., 2007; Tek et al., 2008), evidence is more mixed for mutual exclusivity (de
Marchena et al., 2011; Hartley et al., 2019; Mathée-Scott et al., 2022; Priessler & Carrey, 2005).
As a group, autistic children generally do not tend to demonstrate a shape bias though
development may be delayed (Field et al., 2016; Hartley & Allen, 2014; Potrzeba et al., 2015;
Tek et al., 2008). However, several questions remain: can autistic children use cross-situational
statistics to acquire words in ambiguous contexts during the early stages of language
development? Does variability affect word learning for autistic children, particularly in light of
possible differences in underlying mechanisms such as abstraction as may be evidenced by shape
bias studies? What characterizes individual differences in word learning across the autism
spectrum?

The studies comprising this dissertation sought to answer these questions within a
framework informed by a convergence of statistical learning theory (e.g., Saffran, 1996) and the
Attentional Learning Account (e.g., Smith, 1999; Smith & Samuelson, 2006). That is, implicit
simple associative learning mechanisms may allow children to begin detecting statistical
regularities among elements in their environment, including co-occurrences between words and
their referents across contexts over time, even in the absence of any additional cues (e.g., CSL).
Then, as children learn the statistical structure of their linguistic environment, they may use that

structural knowledge toward future learning by attending more to relevant perceptual and
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linguistic features of current input (Smith & Samuelson, 2006). Variability in the input aids this
process by rendering the invariant structure of lexical categories more salient (Aguilar et al.,
2018; Gomez, 2002; Plante et al., 2014). As children continue to encounter variable exemplars
given the same label, their lexical representations become increasingly robust and abstract,
supporting generalization of learning (see Sandhofer & Schonberg, 2020 for a review).

Past work with autistic school-age children and adolescents suggests that CSL does not
differ on average from NT children with similar receptive vocabulary (Venker, 2019; Hartley et
al., 2020). However, it is not yet known if this ability comes online as early in development for
autistic children as NT peers. Even in NT children, developmental changes in CSL abilities have
been observed across the preschool years (Akhtar & Montague, 1999; Vlach & DeBrock, 2019).
Moreover, early differences in visual attention (Elsabbagh et al., 2013; Keehn et al., 2013; Mo et
al., 2019; Sacrey et al., 2013) could constrain even simple associative learning of labels and their
referents and result in early language delays, warranting investigation of CSL in younger autistic
children. Therefore, the first aim of this dissertation will be to examine the early development of
CSL in autistic children and compare their learning to NT peers.

Even if associative learning is not broadly affected by diagnostic status, the broad lack of
shape bias in early autistic development noted in previous literature suggests these children may
experience differences in lexical-semantic category formation or organization, which may be at
least in part attributed to underlying processes such as abstraction of relevant categorical
properties (Naigles & Tek, 2017). Tovar and colleagues (2020) have offered a more detailed
mechanistic explanation derived from computational modeling: differences in shape bias result
from an increased excitation/inhibition ratio resulting in hyperplasticity and hyperconnectivity,

which in turn lead to over-specified and fragmented categorical representations (rather than an
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abstracted prototype) competing for processing of incoming stimuli and preventing the formation
of robust, de-contextualized, and generalizable categories. Critically, previous CSL studies with
autistic children have paired only a single object with each word, whereas learning a word in the
real world requires children to form lexical categories, associating a single label with the shared
category-relevant structure of many objects that vary across category-irrelevant perceptual
features. If, as Tovar et al. (2020) propose, children’s categorical representations are fragmented
and highly context-bound, each new exemplar is perceived as highly novel (i.e., hyperplasticity),
and abstraction is thus impaired, then one might expect autistic children to have difficulty
learning in the context of exemplar variability and particularly in generalizing that learning to
new instances. Thus, the second aim of this dissertation will be to investigate the effect of
exemplar variability in young autistic children’s word learning, both in referentially ambiguous
(i.e., CSL) and ostensive teaching contexts.

Finally, in light of the heterogeneity inherent to the autism spectrum, the third aim of this
dissertation was to explore individual child characteristics associated with word learning in
referentially ambiguous (i.e., CSL), perceptually variable, and referentially ambiguous and
perceptually variable contexts. The goal of this investigation will be to better explain the
heterogeneity in word learning among autistic children and align with the principles of precision
medicine in future language interventions, better specifying which word learning contexts are
most appropriate for individual autistic children (Beversdorf, 2016; Loth et al., 2016).

Overview of Present Studies
Cross-Situational Word Learning in Young Autistic Children
The first study of this dissertation investigated the emergence of cross-situational word learning

(CSL) in young autistic children in the early stages of language development. While older
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autistic children appear to be able to use cross-situational statistics to learn words in ambiguous
contexts (Venker, 2019; Hartley et al., 2020), the prevalence of early language delays in autism
could imply that CSL comes online at a later point in development relative to NT peers. To
examine this possibility, 2- to 4-year-old autistic children and NT peers were administered an
experimental eye-gaze task employing a similar paradigm to a previous CSL study (Venker,
2019). In each trial of the training phase of this task, children viewed images of two novel
objects side-by-side on screen and heard two novel words, with no cues as to which word
mapped to which object. The objects appeared in various combinations across trials but were
always paired with the same novel word. Thus, the only way to successfully disambiguate the
correct word-referent mappings is to track the statistical co-occurrences between objects and
words across trials. This training was followed by a test phase where children would see two
objects on screen in each trial (the target object and a distractor) and were asked “Where’s the
dax? Do you see it?”” While no study has yet investigated CSL in autistic children in this
developmental stage, NT children have demonstrated developmental effects in CSL abilities
through the preschool years (Ahktar & Montague, 1999; Vlach & DeBrock, 2019) and young
autistic children on average experience early delays in language acquisition (Howlin, 2003;
Mayo et al., 2013). It is therefore possible that early developmental differences could constrain
the ability to attend to cross-situational statistics in order to map words to referents. Therefore,
while older autistic children have shown comparable CSL abilities to receptive language-
matched peers in previous studies (Venker, 2019; Hartley et al., 2020; McGregor et al., 2013), 2-
to 4-year-old children might experience relatively more difficulty using cross-situational

statistics to learn novel words.
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The Effect of Variable Exemplars in Young Autistic Children’s Word Learning

The second study explored the impact of exemplar variability on novel noun learning in
3- to 4-year-old autistic children and NT peers. While no previous studies have directly
investigated variability in the word learning of autistic children, evidence that autistic children on
average do not demonstrate a shape bias could be suggestive of difficulties in abstraction of
category-relevant features across multiple exemplars (Naigles & Tek, 2017). To explore this
question, 3- to 4-year-old autistic and NT children participated in two experimental eye-gaze
tasks involving CSL and ostensive teaching. For each novel word, children saw three different
exemplars paired with it, all sharing the same shape but differing along a category-irrelevant
perceptual property (color). The test trials followed the same structure as the CSL task in the first
study. children saw two pictures side-by-side on screen (the target image and a distractor image)
while hearing the target word spoken in the frame “Where’s the dax? Do you see it?”” Given
diagnostic group differences on shape bias tasks in previous studies, I expected the autistic group
to demonstrate more difficulty learning novel words from variable exemplars compared to a
single exemplar, and more difficulty in the exemplar variability condition compared to NT peers.
I also expected the autistic group to experience more difficulty with ambiguous labeling in the
context of exemplar variability, demonstrating relatively better performance in the ostensive
teaching task than the CSL task.
Individual Child Characteristics Associated with Autistic Children’s Word Learning

The aim of the final study in this dissertation was to investigate individual child
characteristics associated with autistic children’s word learning in the experimental eye-gaze
tasks of the first two studies. The purpose of this study was two-fold: First, to better understand

individual differences underlying the heterogeneity in word learning across the autism spectrum
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under various conditions; second, to align this work with the principles of precision medicine
(Beversdorf, 2016; Loth et al., 2016) with the aim of tailoring future language interventions to
individual needs. To do so, children were administered a battery of autism diagnostic, language,
and cognitive assessments compatible with remote assessment (due to the COVID-19 pandemic).
I chose measures of receptive language, level of autism traits, and nonverbal cognition from
these assessments as well as age in months to quantify individual child characteristics. The
measure for receptive language was raw scores on the Auditory Comprehension (AC) subtest of
the Preschool Language Scales - Fifth Edition (PLS-5; Zimmerman et al., 2011). The measure
for level of autism traits was the Childhood Autism Rating Scale — 2" Edition (CARS-2;
Schopler et al., 2010) total raw score. Finally, the measure for nonverbal cognition was the
Developmental Assessment of Young Children — 2™ Edition (DAY C-2; Voress & Maddox,
2013) cognitive domain raw score. Age was measured in months. In previous studies, CSL task
performance has been associated with aspects of receptive language in autistic children
(receptive vocabulary and familiar word processing, Venker, 2019; receptive vocabulary, Hartley
et al., 2020; McGregor et al., 2013). Therefore, I expected PLS-5 AC raw scores to be positively
related to word learning in the CSL tasks. The effect of exemplar variability has not yet been
examined in autistic children, but if shape bias is associated with diagnostic status, one might

expect level of autism traits to predict learning from exemplar variability.
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Chapter 2: General Methods

Participants

Participants in the following studies were recruited as part of a large, longitudinal project
examining prediction and language in young autistic children. Across all studies reported in this
dissertation, 20 autistic children between 24 and 47 months old and 30 neurotypical (NT)
children between 18 and 47 months old participated in and had data coded and analyzed for the
final version of the experimental tasks. Four additional NT participants were tested but not coded
or analyzed due to time constraints. Participant characteristics for children included in each study
can be found in their respective chapters. The University of Wisconsin-Madison Institutional
Review Board approved the research protocol. Participants were recruited from the local
Madison community and surrounding region. Legal guardians for all participants provided
written informed consent prior to study enrollment. Across both groups, children had no known
hearing or vision impairments and were from monolingual English-speaking households.
Children in the NT group demonstrated typical development across domains, including cognition
and language. They displayed no features of autism, developmental delays, motor deficits, or
seizures. Children were included in the autistic group if they met criteria for DSM-5 autism
diagnosis based on administration of standardized autism diagnostic assessments (see
Standardized Measures) and best clinical estimate by an experienced clinical psychologist on our
research team. In the larger project and the present studies, children were included in the autistic
group with concomitant cognitive and/or language delay to better represent the range of ability
inherent to the autism spectrum (Anderson et al., 2007; Tager-Flusberg & Joseph, 2003; Wittke
et al., 2017). children were excluded from the autistic group if they had a history of seizure

disorders, progressive neurological disorders, hypoxic encephalopathy associated with
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prematurity, congenital rubella syndrome, neurofibromatosis, fetal alcohol syndrome, or cerebral
palsy. Participant characteristics and details of group comparison can be found in subsequent
chapters.
Procedure

The larger longitudinal study consisted of two time points approximately 12 months
apart. Because data collection began during the COVID-19 pandemic, autism diagnostic,
cognitive, and language standardized assessments were administered during a virtual (remote)
visit. As public health restriction eased by Year 2, assessments were administered either
remotely or in-person in the laboratory depending on clinician preference and/or health status.
Because I was interested in anticipatory looking during a very narrow window in the prediction
tasks of the larger project, I opted to administer the experimental eye-gaze tasks in-person in the
laboratory rather than rely on virtual administration which had not yet been demonstrated to be
reliable for use with clinical populations at the start of data collection.
Year 1

At Year 1, autistic children were between 2 and 3 years old while NT children were 1.5
to 3 years old. The experimental protocol at this time point consisted of one to two virtual visits
for standardized assessment administration and two in-person visits for experimental eye-gaze
tasks in addition to several caregiver report measures completed at home (described in
Standardized Measures). At each of the two in-person visits, children participated in several eye-
gaze experiments for the larger project in addition to those reported in the following studies. Of
the studies comprising this dissertation, children only participated in the experiment reported in
Chapter 3 at the first time point. The order of experimental eye-gaze task administration was

counterbalanced across participants such that half the children saw the task the first day and half
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saw the task the second day. All children saw the task reported in Chapter 3 after the
experimental tasks for the larger longitudinal project. The final visit(s) involved virtual
administration of standardized assessments (described in Standardized Measures). Children in
the NT group participated in one remote visit, while children in the autism group usually
required two remote visits due to the length of the autism diagnostic measures. The NT remote
visits lasted approximately two hours, while the autism group’s remote visits lasted about 3.5
hours each. The in-person visits for the experimental eye-gaze tasks lasted approximately 45-60
minutes each for both groups. Parents received financial compensation according to the time
required to complete the study protocol. Children in both groups also received a book for their
participation.
Year 2

The second time point occurred approximately 12 months later, when autistic children
were between 3 and 4 years old and NT children were between 2.5 and 4 years old. In addition to
caregiver report measures completed at home, both groups participated in one visit conducted in-
person in the laboratory at Visit 2. Clinicians sometimes opted for remote for standardized
assessment administration depending on preference and health status. For both groups, this visit
consisted of one experimental eye-gaze task for the larger project followed by standardized
assessments and additional eye-gaze tasks, including those reported in the following studies. All
experimental tasks reported in this dissertation were administered at Year 2. Once again, the
order of experimental task administration order was counterbalanced across participants. In total,
this visit lasted about 2-4 hours. Parents of the children enrolled in these studies received
financial compensation based on the amount of participation time/sessions required. Children in

both groups also received a book for their participation. Because some of the experimental tasks
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in this dissertation were only administered at Year 2, additional NT children in the Year 2 age
range (2.5 to 4 years old) who did not participate in the larger parent project at Year 1 were
recruited at that point to achieve an adequate sample size. These additional NT children
participated in all experimental tasks reported in this dissertation, completed the same
standardized assessments as those recruited for the larger study, and received the same
compensation.
Standardized Measures

At Year 1, children completed a comprehensive developmental evaluation which
included cognitive, language, adaptive behavior, and autism diagnostic measures. Caregivers
also completed a background form to collect demographic information and developmental
history. Due to the COVID-19 pandemic, our research team specifically selected measures that
were valid and reliable for remote administration. In both groups, adaptive functioning was
assessed through the Vineland Adaptive Behavior Scales, Third Edition (Vineland-3; Sparrow et
al., 2016) Comprehensive Parent/Caregiver Form. Cognitive abilities were also assessed using a
direct measure, the cognitive domain of the Developmental Assessment of Young Children — 2nd
Edition (DAYC-2; Voress & Maddox, 2013). Children in both groups also received a direct
measure of receptive and expressive language ability, the Preschool Language Scales — 5th
Edition (PLS-5; Zimmerman et al., 2011). Children participated in a play-based language
sample, though these data were not utilized in the present studies. The DAYC-2 and PLS-5 were
all administered by a certified speech-language pathologist on our research team. To rule out
symptoms of autism in the NT group, caregivers completed the Modified Checklist for Autism in
Toddlers - Revised with Follow-Up (M-CHAT-R/F; Robins et al., 2014). To be included in the

NT group, children had to receive passing scores (‘low risk’ scores of 0-2) on this screener. All
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children in the autistic group met criteria for DSM-5 autism diagnoses as determined by an
experienced clinical psychologist on our research team. To determine diagnoses, the
psychologist administered the Toddler Version of the Autism Diagnostic Interview — Revised
(ADI-R; Kim & Lord, 2012), the Brief Observation of Symptoms of Autism (BOSA; Dow et al.,
2022), and the Childhood Autism Rating Scale — Second Edition (CARS-2; Schopler et al.,
2010). CARS-2 total scores were also used as a measure of level of autism traits in the analyses
in Chapter 5.

At Year 2, caregivers of participants in both groups again completed the background
form and the Vineland-3 prior to their laboratory visit. As in Year 1, children in both groups
completed the DAYC-2 and the PLS-5 to measure cognitive and language abilities. In addition,
children in the autistic group were administered the BOSA and CARS-2 at Year 2. At the time of
data collection, there were no autism-specific screeners validated for children between 36-48
months and preliminary research into the adapted use of screeners for younger children had
yielded poor specificity in this age group (Dolata et al., 2020; Salisbury et al., 2018). Therefore,
autism symptoms in the additional NT children recruited at Year 2 who did not participate in
Year 1 were ruled out based on parent report (i.e., no developmental delays, concerns or history
of interventions on the background form), scores in the average range on standardized cognitive
and language assessments, and clinical observation by a certified speech-language pathologist
with autism experience.

Experimental Eye-Gaze Tasks

Procedure.

At both time points, children participated in experimental eye-gaze tasks conducted in-

person in a sound-attenuated booth in our research lab. Before the experiment began, children
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were asked to watch and listen to the “movie.” Caregivers were instructed to avoid talking to
their child, pointing, or otherwise directing their attention throughout the experiment. Caregivers
wore opaque glasses to further prevent biasing their children’s gaze. Children sat on caregivers’
laps in a chair located approximately 60 cm from the screen in the booth. Visual stimuli appeared
on the 55-inch screen while auditory stimuli played from a speaker under the screen at 65 dB. A
Canon Vixia HFG10 video camera with a 30 Hz frame rate located just below the screen
captured children’s eye movements. The video recording was monitored by the experimenter in
real time from a Mac computer located just outside the booth. All experiments were programmed

using E-Prime 3.0 (Psychology Software Tools, Pittsburgh, PA) software on a PC computer.

Stimuli.

All eye-gaze tasks reported in this dissertation followed a Looking-While-Listening
(LWL; Fernald, et al., 2008) design whereby children simultaneously heard auditory stimuli and
viewed visual stimuli while their eye movements were recorded as an implicit measure of
comprehension. Auditory stimuli were recorded by a female, native English speaker using child-
directed intonation in the local regional dialect. The auditory stimuli consisted of single-syllable
CVC novel words following English phonotactic constraints from the Novel Object and Unusual
Name Database (NOUN Database; Horst & Hout, 2016) as well as a small number of familiar
words appearing during the pre-training phase and twice during the test phase. Each task
included four novel words and four novel objects. The audio was normalized such that the
average intensity remained consistent across stimuli. During the training phase of each
experiment, the novel words were presented either in pairs (in the cross-situational learning
(CSL) tasks) or alone (in the ostensive teaching task) with no additional auditory cues. During

the test phase of each experiment, the target word was spoken in the sentence frame (“Where’s
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the _ ?”) followed by a reinforcer sentence (“Do you like/see it?”’). Visual stimuli consisted of
photos of novel objects taken from the NOUN Database paired with the novel spoken words as
well as photos of familiar objects corresponding to the familiar words. In half of the test trials,
the target and distractor object photos were digitally altered in Adobe Photoshop (Adobe Inc.,
2022) to change the hue of the image to a new color to assess generalization of learning (though
these trials contained a design error and were not included in analyses). The objects appeared on
600 x 600 pixel grey boxes on a black background. In the CSL tasks, the boxes appeared side-
by-side on screen during both the training and test phases. In the ostensive teaching task, a single
box appeared in the middle of the screen during the training phase, while two boxes were side-
by-side in the test phase as in the CSL tasks. For each experimental task, two versions were
created such that trial order, target side, and label-image pairings were counterbalanced across
children. Experiment structures were based on those used by Venker (2019) with some
modifications. Trial orders can be found in Appendix B. Because the experimental design for the
Chapter 4 study was within-subjects, each of the three tasks included a different set of novel

words and images.

CSL Task Design.

The first study of this dissertation employed an experimental eye-gaze task following a
very similar design to a prior study of cross-situational word learning (CSL) in autistic children
(Venker, 2019). The task consisted of three phases: pre-training, training, and test. The purpose
of the pre-training phase was to familiarize children with the structure of the task. In each of the
four pre-training trials, two images of familiar objects (e.g., car and book) first appeared in grey
boxes side-by-side on a black background in silence. After 500 ms, their labels were spoken with

a 400 ms pause between the two labels. A 500 ms pause followed each trial. The familiar words
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used in this task were car, book, and dog. The training phase trials immediately followed the pre-
training and followed the same structure and timing as the pre-training trials and included a total
of four novel object images and four novel spoken labels, shown repeatedly throughout the
training phase (Figure 1). The novel words taught in this task were jick, tife, hux, and zeb. The
four novel objects used in this task are pictured in Figure 2. In each trial, two novel objects
appeared side-by-side first in silence for 500 ms, then the novel labels were spoken with a 400
ms pause between them (e.g., “hux... jick), with no auditory or visual cues linking the images
and words. The audio files of the novel words were normalized to a duration of 1400 ms each. A
500 ms pause occurred between each trial. In total, each training trial lasted 4200 ms. The
sequential order of the spoken labels and left-right orientation of the images were
counterbalanced across training trials. The label-object mappings were intentionally ambiguous
such that children must rely on co-occurrence statistics aggregated across trials to learn words.
Each of the four novel word-object pairings appeared 10 times throughout the training phase
over a total of 20 training trials. The training phase was immediately followed by the test phase.
In each trial of the test phase, a target image and a distractor image (both images of novel objects
which had appeared during the training phase) first appeared side-by-side in silence for 1000 ms.
Then, the target word was spoken in the sentence frame “Where’s the 7" The onset of the
target word occurred 1000 ms after the beginning of the sentence frame audio across test trials.
This was followed by a 450 ms pause, then a reinforcer sentence “Do you see/like it?” that lasted
1500 ms. In total, each test trial lasted 5650 ms. Each novel word was presented as the target
four times during the test phase. Two of the test trials included the same image of the novel
object that had appeared during training to assess fast mapping, while the other two included a

version of the novel object digitally altered to a different color to assess generalization of
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learning. Test trials were counterbalanced for target side and presentation order. It should be
noted that in the initial version of the experiment, the generalization test trials paired the
untrained (digitally altered) target image with a distractor that had appeared during training. This
error in design therefore confounded looking due to learning with looking due to image novelty.
Because this error was discovered after most of the data had been collected, I was not able to
analyze the generalization data as intended. Two additional test trials included familiar objects to
introduce the trial structure and support children’s attention to the task for a total of 18 test trials.
Every 6 trials, a short (5 sec) video played to maintain children’s attention. In total, the task

lasted approximately 3.5 minutes.

CSL with Exemplar Variability Task Design.
The task reported in Chapter 4 investigating the effect of exemplar variability in autistic
children’s word learning included two additional experimental eye-gaze tasks. The first task
followed the same structure as the CSL task described above with one crucial difference:
throughout training, each novel word was paired with three different images of novel objects that
differed in color but shared the same shape (Figure 3). Because the sets of images in Multiple
Exemplars section of the NOUN Database were limited and already used in several other eye-
gaze tasks in the larger project administered contemporaneously to these studies, two of the four
novel words in each of the CSL+V and O+V tasks (described below) were paired with a set of
three images from the Multiple Exemplars section of the NOUN Database (Figure 4), and the
other two were paired with a set of three images originating from a single novel object image
that were digitally altered in Adobe Photoshop to change their color scheme. The familiar words
used in this task were ball, cup, and shoe, and the novel words used in this task were poss, dax,

mel, and gip. The CSL with exemplar variability (hereafter CSL+V) task was identical to the
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basic CSL task described above in timing, number/types of trials, counterbalancing, number of
novel words, and CVC single-syllable word structure. As such, I was able to isolate the effect of
variability in the exemplar images during training when comparing learning during test trials
between the two CSL tasks. This task contained the same experimental design error as the first

study, and as such generalization test trials were not analyzed.

Ostensive Teaching with Exemplar Variability Task Design.

A second experimental eye-gaze task was administered to determine whether children
learn more easily from exemplar variability in an ostensive (unambiguous) learning context
compared to the CSL+V task. This task mirrored the CSL+V task with one critical design
difference: in each trial during the pre-training and training phases, children only saw one object
on the screen and heard one label spoken at a time. To ensure the total number of exposures to
each novel word was identical between the CSL+V and ostensive teaching with exemplar
variability (hereafter O+V) tasks, there were 40 training trials in the O+V task (10 per word).
Like the CSL+V task, the training trials began with the image on screen. After 500 ms of silence,
the audio of the spoken novel word played, lasting 1400 ms, followed by a 500 ms blank screen
before the next trial. The test trials were identical in overall design and timing to the CSL+V
task, though trial order differed. This task also shared the experimental design error noted in the
other tasks, and as such I was not able to analyze generalization trials. A 5-second video played
after every 6 trials to help maintain children’s attention to the task. The total duration of the O+V
task was the same as the CSL+V tasks (approximately 3.5 minutes). Two different versions of
the task were created such that trial order, target image side, and novel word-object pairings were
counterbalanced. The familiar words used in the O+V task were ball, cup, and shoe, and the

novel words used were dage, juff, lep, and shede. Three images were used throughout the
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training for each novel word. The three images given the same novel label all shared the same
shape but differed in color. Novel visual stimuli appearing during training for all experimental
eye-gaze tasks can be found in Appendix A, and the two trial orders for each of the three eye-
gaze tasks can be found in Appendix B.
Data Analysis
Data Processing

Video recordings of children’s eye movements during the experimental tasks were coded
offline by trained research assistants in peyeCoder (Olson, et al., 2020). Coders were not aware
of visual or auditory stimuli while coding and followed established guidelines for manual eye-
gaze coding (Fernald et al., 2008). As they viewed the video footage of children’s gaze behavior,
the research assistants assigned each 33-ms video frame a code depending on whether the child
was looking at the right image, left image (or center image during the training trials of the O+V
only), was shifting their gaze, or was looking away. A second coder independently re-coded a
randomly-selected portion of the videos. Inter-coder reliability was defined by the extent to
which the second coder agreed with the original coder through two measures: frame agreement
(the average proportion of frames in which coders agreed) and shift agreement (the average
proportion of frames the coders agreed the child was shifting their gaze). Across all children
tested in the CSL task at Year 1, frame agreement was 96.28% for the autistic group and 94.45%
for the NT group while shift agreement was 93.46% for the autistic group and 90.86% for the NT
group. Across all children tested and coded in the CSL task at Year 2, frame agreement was
93.16% for the autistic group and 93.70% for the NT group while shift agreement was 89.14%
for the autistic group and 91.26% for the NT group. Across all children tested and coded in the

CSL+V task (administered at only Year 2), frame agreement was 86.79% for the autistic group
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and 94.93% for the NT group while shift agreement was 87.35% for the autistic group and
91.71% for the NT group. Finally, frame agreement was 93.95% for the autistic group and
96.64% for the NT group across all children tested and coded in the O+V task (administered at
only Year 2) while shift agreement was 87.85% for the autistic group and 91.08% for the NT
group. Note that data were collected for four additional NT participants at Year 2 but were not
analyzed due to time constraints.
Data Cleaning

Following the same data cleaning procedure of previous eye-gaze studies (e.g., Venker,
2019; Prescott et al., 2022), test trials were excluded from analyses if children were looking to
the visual stimuli on screen for less than 50% of analysis window (300-1800 ms after target noun
onset). For each task, children were excluded from analyses if they contributed 2 or fewer (of 8
total) trained (i.e., fast mapping) test trials. Average number of trials contributed by participants
in each group varied by task and can be found in following chapters.
Analytic Approach

Statistical analyses were performed using R (version 4.3.1; R Core Team, 2023) and
RStudio (version 2023.6.2.561; Posit Team, 2023) software. Across studies, I focused my
analyses on a window of 300 ms-1800 ms after target noun onset in the test trials, in line with
many Looking-While-Listening studies (Fernald et al., 2008). In doing so, children were allowed
sufficient time to generate a visual saccade in response to the target noun (Canfield et al., 1997).

Details of data analysis varied by study and can be found in subsequent chapters.
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Tables and Figures

Iy

“Tife... Zeb”

Figure 2. Visual stimuli used during the training phase in the CSL task.

Figure 4. Example of three images all given the same novel label (e.g., dax) during the training
phase of the CSL+V and O+V experimental eye-gaze tasks.

Figure 3. Example of three CSL+V task trials. Auditory stimuli are represented by text in
quotations.
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Chapter 3: Cross-Situational Word Learning in Young Autistic Children
The first study of this dissertation investigated cross-situational word learning (CSL) in
2- to 4-year-old autistic children and NT peers. Using an eye-tracking paradigm, I sought to
examine novel word learning acquired through a classic CSL paradigm as described in General
Methods (Chapter 2) in young autistic children and compare their performance to NT children. I
asked the following research questions:

1. Are 2- to 4-year-old autistic children able to learn novel words through CSL, as
measured by accuracy (i.e., proportion of looking to target images) greater than
chance (.50)?

2. Do 2- to 4-year-old autistic children differ from NT peers in their novel word learning
acquired through CSL?

Methods

Participants

As described in General Methods (Chapter 2), most children were recruited for this
dissertation from an ongoing parent project in the lab. Across all participants tested in this task
who passed exclusionary criteria, 11 autistic children and 14 NT children were tested at the Year
1 time point of the larger longitudinal study (when autistic children were 2- to 3-years-old) while
20 autistic children and 12 NT children were tested at the Year 2 time point (when autistic
children were 3- to 4-years-old). An additional 17 NT children who were in the age range of the
Year 2 time point (but did not participate in the parent project at Year 1) were recruited to
participate in just dissertation tasks, resulting in a total of 29 NT participants at Year 2. 6 NT
children and 2 autistic children were tested in this task at both Year 1 and Year 2, but only Year

2 data were included for these participants to avoid non-independence in the data. One additional
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NT participant participated in other tasks for this dissertation but was too fussy to attempt the
current task. Four additional NT participants were tested in the dissertation tasks as part of the
visit protocol for the larger parent study at the Year 2 time point but were not included as data
analysis for this dissertation had already begun. As part of the larger study plan, NT children
were recruited intentionally younger to facilitate matching on nonverbal cognitive ability.
Following data cleaning (described below), remaining autistic and NT children in the
sample were matched on Developmental Assessment of Young Children — Second Edition
(DAYC-2; Smith & Yu, 2008) cognitive domain raw scores using a 1:1 bootstrap procedure
previously used by our research group in other studies (Pomper et al., 2019; Prescott et al.,
2022). This procedure used the bootmatch package in R (https://github.com/tjmahr/bootmatch).
The procedure ran 100 bootstrap samples with a caliper of 5 (that is, children in each matched
pair could differ by no more than 5 points on the DAYC-2 cognitive domain raw). I opted to
match on nonverbal cognitive ability rather than a language measure for two reasons. First, the
majority of the participants were originally recruited as part of a larger study with a planned
design to match on nonverbal cognitive ability. As a result, the range of cognitive ability in the
NT group was a reasonable match for the range in the autistic group, whereas the range of
absolute language ability was considerably higher (see Table 1 and 2). Therefore, attempting to
match groups on Preschool Language Scales 5" Edition (PLS-5; Zimmerman et al., 2011)
Auditory Comprehension scores would result in inadequate sample sizes. Second, many
researchers have argued that statistical learning is at least partially supported by domain-general
mechanisms (Frost et al., 2015; Kirkham et al., 2002; Krogh et al., 2013) and CSL in particular is
related to multiple cognitive domains in NT children (Vlach & DeBrock, 2017). This procedure

resulted in #=19 in the autistic group (5 female), m=40.68 months, SD=7.09, range=27-48) and
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n=19 in the NT group (7 female), m=27.63 months, SD=6.45, range=19-39). While significantly
different on age (p<.001), these groups did not differ on nonverbal cognitive ability (p=.266).
See Table 1 for full participant characteristics of the cognitive ability-matched sample.

Because neither nonverbal cognitive ability-matched group demonstrated learning as
measured by a group average proportion looks to target significantly greater than .50 in this task
(see results below), I then conducted a secondary analysis comparing all children tested in this
task at the Year 2 time point under the assumption that older children would generally perform
better on this task than younger children as was found in previous CSL studies with NT children
(Akhtar & Montague, 1999; Vlach & DeBrock, 2019). This analysis included all 17 autistic
children (5 female; m=44.00 months, SD=4.17, range=36-50) and 27 NT children (13 female,
m=32.96 months, SD=2.26, range=30-39) who participated in the task at the Year 2 time point,
passed exclusionary criteria, and contributed sufficient data for inclusion (see Data Cleaning).
While these groups significantly differed on age, nonverbal cognitive ability, and receptive
language ability, I included nonverbal cognitive ability as a covariate as described in Analytic
Approach. Child characteristics and demographics for each group at Year 2 can be found in
Table 2.

Data Analysis
Data Cleaning

I removed all 33-ms video frames in which children were shifting their gaze or were
looking away from the visual stimuli from analyses such that the final accuracy measure
represented the average proportion of looks to target images over looks to target and distractor
images during the analysis window (300-1800 ms after target noun onset in test trials, which

occurred 2000 ms into the trial (Figure 5). As in several previous LWL studies (e.g., (Mathée-
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Scott et al., 2022; Pomper et al., 2019; Venker et al., 2021) I excluded test trials in which
children were looking to visual stimuli for less than 50% of the analysis window. I then excluded
children who contributed 2 or fewer out of a total 8 trained (i.e., fast mapping trials; 25%) to
reduce possible bias in the average accuracy measure (e.g., a child who contributed only one or
two trials may have been very accurate in those trials but uncertain in other trials and therefore
avoided looking at the visual stimuli, resulting in exclusion of those trials from analyses after
data cleaning and artificially inflating their average accuracy aggregated across trials). Note that
untrained (i.e., generalization) test trials were not usable in analyses due to an experimental
design error. Therefore, while the task included 2 familiar test trials (to introduce trial structure
and retain children’s attention), 8 untrained (i.e., generalization) test trials and 8 trained (i.e., fast
mapping) test trials, I only proceeded with analyses using the 8 trained (fast mapping) trials.
Across all children tested in the task at the Year 1 time point after data cleaning and exclusion,
autistic children contributed an average of 7/8 test trials (SD=1, range=6-8) and NT children
contributed an average of 7/8 test trials (SD=1, range=6-8). Across all children tested at the Year
2 time point after data cleaning and exclusion, autistic children contributed an average of 5/8 test
trials (SD=1, range=3-8) and NT children contributed an average of 7/8 test trials (SD=1,
range=4-8).
Analytic Approach

After cleaning, eye-gaze data from within the analysis window (300-1800 ms after target
noun onset) across all trained (i.e., fast mapping) test trials were averaged within each
participant, resulting in one measure of accuracy (i.e., proportion looks to target) per participant.
Raw looking data over time during the analysis window is depicted in the profile plots for the

matched groups (Figure 6) and the children included in the secondary analysis (Figure 7) but the
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aggregated accuracy data used in analyses is pictured in the boxplots (Figure 8 and 9). For the
first research question examining whether children in each group were able to learn novel words
using cross-situational statistics, I followed the analytic approach used by Venker (2019) and
conducted one-sample, two-tailed t-tests comparing each group’s average accuracy against
chance (.50). For the second research question investigating group differences on task
performance, I used a two-sample, two-tailed t-test for the initial analysis with nonverbal
cognitive ability-matched groups as in Venker (2019). However, because groups were not
matched in the secondary analysis of Year 2 children, I fit a regression model including
nonverbal cognitive ability as a covariate. Standard ordinary least squares (OLS) multiple linear
regression is not generally recommended for proportional data like the accuracy variable because
it is bounded by 0 and 1 (Cribari-Neto & Zeileis, 2010). Therefore, to accommodate the bounded
nature of the outcome variable, I fit a generalized linear model using a beta distribution and logit
link with the glmmTMB package in R (Brooks et al., 2017) which regressed average accuracy for
each child (in terms of log-odds of looking to target due to logit link) on diagnostic group
(contrasts: NT=-0.5, autistic=0.5) and nonverbal cognitive ability (as measured by DAYC-2
cognitive domain raw scores, grand-mean scaled and centered) as a covariate to account for
group differences on this variable.
Results

Nonverbal Cognitive Ability-Matched Groups

One-sample two-tailed t-tests revealed that neither the autistic group (m=0.56,
#(18)=1.35, p=.19) nor the NT group (m=0.54, t(18)=1.10, p=.28) looked to target images
significantly above chance (0.50) in the matched sample. The groups also did not significantly

differ in average proportion looks to target, (#(34.25)=-0.37, p=.71).
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Full Sample at Year 2 Time Point

Among autistic children tested at Year 2 who passed data cleaning and exclusionary
criteria, proportion target looks did not exceed chance, (m=0.54, 1(16)=0.83, p=.42). Among NT
children tested at Year 2 who passed data cleaning and exclusionary criteria, proportion looks to
target was significantly above chance, (m=0.58, #(26)=3.08, p=.005). However, model results
indicated that when nonverbal cognitive ability was included as a covariate, groups did not
significantly differ in task performance, ($=0.03, SE=0.27, z=0.13, p=.900). Full model results
can be found in Table 3.

Discussion

The present study sought to examine CSL in preschool-age autistic children and compare
their learning to NT peers. Children participated in an eye-gaze experiment where they heard two
novel words while viewing two novel objects with no cues linking the words with their correct
referents. Therefore, children had to track the statistical co-occurrences of words and objects
across contexts (i.e., trials) to learn their correct mappings. In test trials, children saw the target
object and a distractor object side-by-side on screen while they were asked “Where’s the hux?
Do you like/see it? ” while their eye movements were video recorded and coded offline. Word
learning was operationalized as proportion of looks to target over looks to target and distractor
within an analysis window 300-1800 ms after target noun onset averaged across test trials for
each child (i.e., accuracy).

Unlike previous studies with older children (e.g., Hartley et al., 2020; Venker, 2019), this
study did not find evidence of CSL in autistic children as a group during the preschool years, at
least within this paradigm as designed. Importantly, younger NT children matched to the autistic

group on nonverbal cognitive ability also did not show evidence of CSL as a group, and matched
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groups did not differ in their accuracy. This finding suggests that while autistic children may not
have learned via CSL as defined by this study design, NT children of a similar cognitive ability
level did not show superior performance. Because I assumed older children would perform better
than younger children in this task similar to previous research with NT children (Akhtar &
Montague, 1999; Vlach & DeBrock, 2019; Vlach & Johnson, 2013), I opted to conduct a
secondary analysis comparing groups of children tested at the Year 2 time point. All children
tested at Year 2 who passed data cleaning and exclusionary criteria were included in this
analysis. One-sample t-test results indicated that NT children at this time point were able to learn
words via CSL as measured by average accuracy significantly above chance, while the autistic
children at Year 2 did not show above-chance accuracy. However, it should be noted that these
groups were not matched on any variable, and in fact significantly differed on every child
characteristic measured in this study (Table 2). When directly compared and including nonverbal
cognitive ability as a covariate, groups did not differ on average accuracy.

While I had anticipated that autistic children in this age range may show relatively more
difficulty learning words from CSL, results may suggest that this particular paradigm was
difficult for children in the early stages of development such that even NT children at an average
age of 27.63 months (range 19-39; i.e., the cognitive ability-matched sample) did not show
evidence of learning as a group on this task. The Year 2 sample of NT children, who did show
above-chance accuracy as a group, were 32.96 months on average (range 30-39). This pattern of
findings was surprising as previous studies have reported that NT children as young as 12
months were able to learn words via CSL (Smith & Yu, 2008; Vlach & DeBrock, 2017; Vlach &
Johnson, 2013). Methodological and analytical differences might account for these discrepant

findings. In Smith and Yu (2008), test trials were 8 seconds long, and target words were repeated
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four times. While there were even more target noun-referent pairs than the present study (6 vs.
4), the visual stimuli were simpler, consisting of different colored two-dimensional shapes. The
outcome variable was duration of looks to target and distractor, and the analytic approach was a
mixed analysis of variance. Any of these differences may have boosted the measure of learning
in Smith and Yu (2008) compared to the present study. In particular, the longer test trials with
multiple target word repetitions afforded children more opportunities to direct their gaze to
target, whereas the present study examined a window only 1500 ms long following a single
production of the target word. Vlach and Johnson (2013) reported that 16- and 20-month-old NT
children were able to learn novel words at above-chance levels in a CSL task, though their
methods also differed from the present study. They compared massed and interleaved learning
phase schedules presented in a block design, with test trials that were 8 seconds long. Vlach and
DeBrock (2017) found evidence of CSL in 2- to 3-year-old and 4- to 5-year-old NT children, but
again differed considerably in study design. For one, children were required to point to the target
image on test trials, and accuracy was then measured as percent correct responses. This resulted
in an attrition rate of 32% due to fussiness, inability to follow directions, etc. (Vlach & DeBrock,
2017). The final included sample in Vlach and DeBrock (2017) was therefore limited to children
who were able to participate in a behaviorally demanding task, which likely contributed to the
higher rate of accuracy reported compared to the present study, which did not require any
explicit behavioral response. Venker (2019) provides a closer comparison to the current study in
terms of experimental design. The NT sample in Venker (2019) was 58 months on average but
included a range from 31-95 months. The present study confirms that NT children at the very
youngest end of this range were also able to successfully learn words via CSL in this paradigm.

Meanwhile, the autistic sample in Venker (2019) was 76 months on average (range=48-95).
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Thus, while the youngest children in Venker’s (2019) autistic group were at the maximum of the
range of the present study, they were on average considerably older. While null results should be
interpreted cautiously, it is possible that successful learning in this CSL paradigm comes online
for autistic children at an age between that of the present sample and Venker (2019).
Alternatively, children in this age range might have demonstrated learning in a different task
design, perhaps given more repetitions and/or time to shift gaze as in Smith and Yu (2008). It is
worth noting the considerable variability in task performance among the autistic children; visual
inspection indicates that even in this relatively rigorous task, several children were individually
well above chance in their average proportion looks to target (Figure 8; Figure 9). Predictors of
success in this task for the autistic group will be further explored in Chapter 5.

Aside from experimental design and developmental level, other factors may have
contributed to the null findings of learning by autistic children in this study. First, autistic
children may not have attended to the training trials to the same extent as NT children. To
investigate this possibility further, I defined lack of attention to (i.e., missing) training trials as
average percent of frames in which children were shifting their gaze or looking away from visual
stimuli during a window from the onset of the first spoken word to the end of the second word
across training trials. Among all children tested on the task who passed exclusionary criteria
(before data cleaning), NT children tested at Year 1 on average missed 14.15% of training trials
(SD=8.10, range=3.71-23.04) while NT children tested at Year 2 missed 20.41% (SD=15.17,
range=5.62-65.52). By contrast, autistic children tested at Year 1 missed 22.37% (SD=14.33,
range=6.9-44.28) while autistic children tested at Year 2 missed 34.52% (SD=17.52, range=8.66-
71.44). Autistic children have been noted to demonstrate differences in visual attention

(Elsabbagh et al., 2013; Sacrey et al., 2013) which could lead some children to make different or
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weaker word-referent mappings. The profile plot of Year 2 children’s proportion target looks
over time (Figure 7) may also hint at differences in visual attention between groups. Describing
qualitatively, the plot suggests the autistic group may have begun looking to the target earlier
than NT children, even before the start of the analysis window. However, they cease looking
more to target about halfway through the analysis window, while the NT children continue to
look more to the target for its duration. Thus it is possible that autistic children did in fact learn,
but that learning was not captured by this operationalization due to differences in the timing of
their gaze behavior. A final possible explanation for null findings in this study was the relatively
demanding visit protocol of the larger longitudinal study in which these data were collected. At
Year 1, children always saw another experimental video before the present study. At Year 2,
most participants saw up to three experimental videos before the present study, several of which
were also word learning experiments. It is conceivable that fatigue negatively impacted
children’s accuracy and ability to attend to this task as well.
Limitations and Future Directions

Several limitations should be noted for the present study which could be addressed in
future work. First, this sample was predominantly white and non-Hispanic or Latino, and the NT
sample was significantly higher than autistic peers in maternal years of education (often
considered a proxy for socioeconomic status). This discrepancy is expected due to differences in
recruiting between groups. Across all children tested in this task who met inclusionary criteria,
all but one autistic child was recruited from across the broader region outside of Dane County,
WI, while all but one NT children was recruited from within Dane County, WI. Therefore, the
findings of this study may not be as generalizable and should be investigated further in future

studies with a more representative sample. By contrast, a strength of this study was the inclusion
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of autistic children with a wide range of ability, better representing the heterogeneity of the
autism spectrum. However, this choice resulted in considerable differences in child
characteristics between the autistic and NT groups, even in the cognitive ability-matched sample
(Table 1 and Table 2). Comparing this more representative autism sample to NT peers posed
challenges. Even when groups were matched on nonverbal cognitive ability, they differed in age,
expressive and receptive language ability, and adaptive behavior. The NT group who did show
evidence of learning (i.e., those tested at Year 2 who passed data cleaning and exclusionary
criteria) significantly differed from the autistic children tested at Year 2 across all child
characteristics reported (Table 2). Attempts to match the children tested at Year 2 on nonverbal
cognitive ability were unsuccessful, resulting in too few children per group. Instead, I included
nonverbal cognitive ability as a covariate in the analysis. It should be noted that both matching
groups and covarying have been questioned as appropriate solutions to the problem of
differences in diagnostic group characteristics such as cognitive or language ability (Dennis et
al., 2009; Miller & Chapman, 2001; Plante et al., 1993). For example, if the groups are matched
on absolute cognitive or language ability, at least some children in the NT group must be
younger than the autistic group. If the groups are the same age but the autistic group includes
children with the full range of cognitive or language ability, the groups will differ on those
characteristics. Covarying child characteristics is an alternative option, but researchers have
argued this approach may remove variance that is meaningfully and inextricably tied to
diagnostic group and produce uninterpretable results (Miller & Chapman, 2001). In this study, I
conducted two analyses using both approaches. Matching on cognitive ability resulted in a NT
comparison group that was too young to successfully learn in the task. The secondary analysis

covaried cognitive ability with a NT group that was able to successfully learn in the task and an
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autistic group who were not. This analysis did not yield group differences. Future studies
examining CSL in autistic children should carefully consider the characteristics on which they
would like to compare groups and ensure that the experimental design yields learning in NT
children in that developmental range before proceeding. Another limitation to note is the possible
bias introduced by my decision to exclude participants who contributed two or fewer usable
trials. While this decision avoided some bias by preventing inclusion of less stable (i.e., based on
fewer data) measures of accuracy, the missingness of these data may not be random if children
who more consistently looked away from the visual stimuli differed in meaningful ways from
those who looked more to visual stimuli. A final limitation of this study was the experimental
design error on generalization test trials which necessitated their removal from analyses. For all
but five NT children who saw a corrected version of the task, generalization test trials included a
target image that was a novel color paired with a distractor image in the same color it had
originally appeared during training. As a result, preliminary visual inspection of the data
indicated that children tended to look very reliably to the target image, likely simply because it
was a novel color. An elegant experimental design assessing generalization of word learning
from cross-situational statistics can be found in Hartley et al. (2020). In that study, generalization
test trials consisted of a target object “shape match” in a new color and a “color match” distractor
object that was the same color as the trained target image but the shape of one of the other
trained images. Future studies might consider using a similar design as Hartley et al. (2020) with
autistic children in the younger age range of the present study.
Conclusions

This study did not find evidence of CSL in 2- to 4-year-old autistic children as a group, at

least in this paradigm. However, younger, nonverbal cognitive ability-matched NT children also
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did not demonstrate learning and did not differ from autistic peers. NT children who were
slightly older on average (m=32.96 months) did show evidence of learning but were difficult to
compare to autistic peers tested at the same time point due to large group differences in cognitive
and language abilities. Individually, autistic children varied considerably in task performance
(Figure 8 and Figure 9) consistent with the heterogeneity in many abilities across the autism
spectrum. Predictors of individual differences in CSL among autistic children will be explored

further in Chapter 5.
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Tables and Figures
Table 1. Participant characteristics and demographic information for cognitive ability-matched
sample.
Autistic Group NT Group .
(n=19) (n=19) Group Comparison
Mean (SD) Mean (SD)
Median Median
Range Range
Participant Characteristics
40.68 (7.09) 27.63 (6.45)
Age (Months) 45 31 p<.001
27-50 19-39
Receptive Language
24.47 (10.67) 36.82 (13.01)
Raw Score 20 33 p=.001
11-53 19-65
64.95 (20.17) 114.88 (15.28)
Standard Score 57 117 p<.001
50-125 81-139
Expressive Language
27.32 (7.85) 33.29 (7.49)
Raw Score 24 36 p=.03
16-44 24-49
73.89 (15.71) 111.00 (11.40)
Standard Score 71 106 p<.001
52-103 98-130
Cognitive Ability
Raw Score 37.63 (7.87) 39.74 (7.26) p=266
35 40
28-57 30-60
81.37(14.01) 104.37 (7.24)
Standard Score 80 103 p<.001
57-116 96-120
70.42 (9.71) 99.21 (9.95)
Adaptive Behavior 69 96 p<.001
53-97 80-121
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34.61 (4.51)
Level of Autism Traits 34.5 — —
26.5-43.5
Demographic Information
13.53 (2.20) 17.53 (2.37)
Maternal Education (Years) 12 17 p<.001
11-18 14-24
0 American 0 American
Indian/Alaska Indian/Alaska
Native Native
0 Asian 0 Asian
0 Native 0 Native
Hawaiian/Pacific Hawaiian/Pacific
Race
Islander Islander
1 Black or 0 Black or African
African American American
5 More than one 0 More than one
race race
13 White 19 White
2 Hispanic or 0 Hispanic or
Ethnicity Latino Latino
17 Not Hispanic 19 Not Hispanic or
or Latino Latino

Note. Group differences were quantified by two-sample, two-tailed t-tests if both groups were
normally distributed as measure by Shapiro-Wilk normality test (Shapiro & Wilk, 1965) or

Wilcoxon rank sum tests (Wilcoxon, 1945) with continuity correction if either was not. Resulting
p-values are reported in the third column. Receptive language was measured by PLS-5 Auditory
Comprehension subtest scores (Zimmerman et al., 2011). Expressive language was measured by

PLS-5 Expressive Communication subtest scores. Two NT participants did not complete the

PLS-5. Cognitive ability was measured by DAY C-2 Cognitive Domain scores. Adaptive

Behavior was measured by Vineland-III Adaptive Behavior Composite Scores (Sparrow et al.,
2016). Level of autism traits was measured by CARS-2 total scores, where 15-29.5 indicates
minimal-no autism traits, 30-36.5 indicates mild-moderate autism traits, and 37 and higher
indicates high autism traits (Schopler et al., 2010).
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Table 2. Participant characteristics and demographic information for all participants at the Year
2 time point included in secondary analysis.

Autistic Group NT Group .
(n=17) (n=27) Group Comparison
Mean (SD) Mean (SD)
Median Median
Range Range
Participant Characteristics
44.00 (4.17) 32.96 (2.26)
Age (Months) 46 33 p<.001
36-50 30-39
Receptive Language
24.76 (11.08) 43.29 (7.68)
Raw Score 20 42 p<.001
11-53 33-65
63.47 (21.35) 118.71 (12.11)
Standard Score 53 119 p<.001
50-125 95-142
Expressive Language
26.94 (8.30) 38.96 (4.08)
Raw Score 24 38 p<.001
13-44 33-49
70.18 (15.72) 112.38 (9.02)
Standard Score 63 111 p<.001
50-103 97-129
Cognitive Ability
Raw Score 37.24 (8.04) 45.48 (4.38) p<.001
35 44
28-57 40-60
75.35 (12.24) 107.26 (7.05)
Standard Score 74 105 p<.001
56-104 98-122
67.12 (7.87) 103.33 (12.17)
Adaptive Behavior 68 103 p<.001
53-79 80-131
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35.91 (4.81)
Level of Autism Traits 35 — —
26.5-47
Demographic Information
13.59 (2.32) 17.30 (2.48)
Maternal Education (Years) 12 16 p<.001
11-18 14-26
0 American 0 American
Indian/Alaska Indian/Alaska
Native Native
0 Asian 0 Asian
0 Native 0 Native
Hawaiian/Pacific Hawaiian/Pacific
Race
Islander Islander
0 Black or 0 Black or African
African American American
0 More than one 6 More than one
race race
27 White 11 White
0 Hispanic or 2 Hispanic or
Ethnicity Latino Latino
27 Not Hispanic 15 Not Hispanic or
or Latino Latino

Note. Group differences were quantified by two-sample, two-tailed t-tests if both groups were
normally distributed as measure by Shapiro-Wilk normality test (Shapiro & Wilk, 1965) or

Wilcoxon rank sum tests (Wilcoxon, 1945) with continuity correction if either was not. Resulting
p-values are reported in the third column. Receptive language was measured by PLS-5 Auditory
Comprehension subtest scores (Zimmerman et al., 2011). Expressive language was measured by

PLS-5 Expressive Communication subtest scores. Three NT participants did not complete the

PLS-5. Cognitive ability was measured by DAY C-2 Cognitive Domain scores. Adaptive

Behavior was measured by Vineland-III Adaptive Behavior Composite Scores (Sparrow et al.,
2016). Level of autism traits was measured by CARS-2 total scores, where 15-29.5 indicates
minimal-no autism traits, 30-36.5 indicates mild-moderate autism traits, and 37 and higher
indicates high autism traits (Schopler et al., 2010).
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Table 3. Full model results for the secondary analysis comparing all autistic (coded: 0.5) and NT
(coded: -0.5) children tested at the Year 2 time point who passed data cleaning and exclusionary
criteria. Nonverbal cognitive ability (grand mean-centered and scaled) was included as a

covariate.

Log-Odds of Target Looking

Estimates SE Statistic p
Intercept 0.27 0.11 2.45 015
Diagnostic Group 0.03 0.27 0.13 900
Nonverbal Cognitive Ability 0.09 0.13 0.66 510
Dispersion Parameter: 7.27
“Where’s the Zeb?” “Do you see it?”
0 1000 2000 3700 5200

Time From Trial Start (in msec)

Figure 5. Example test trial schematic. Analysis window shown in blue.
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Figure 6. Profile plot showing average proportion looks to target images over time for all autistic
(n=19; green) and NT children (n=19; orange) in the nonverbal cognitive ability-matched groups.
Line shading indicates one standard error around the mean, averaged across participants.
Horizontal dashed line indicates chance (.05). Vertical dashed lines denote the analysis window,
300-1800 ms after target noun onset (which occurred 2000 ms from trial start).



80

1.0
75]
ey
S
S
—
o
9]
5
E 05 -
S
=
S
=
—
S
=9
2
[a®
0.0 4
TS N R R e\ <\ B <\ B AN
S S S S S S S S S S $
S N N N i P ® o5 o A ®

Time from Trial Start (ms)

. Autistic === NT

Figure 7. Profile plot showing average proportion looks to target images over time for all autistic
(n=17; green) and NT children (n=27; orange) tested at the Year 2 time point who passed data
cleaning and exclusionary criteria who were included in the secondary analysis. Line shading
indicates one standard error around the mean, averaged across participants. Horizontal dashed
line indicates chance (.05). Vertical dashed lines denote the analysis window, 300-1800 ms after
target noun onset (which occurred 2000 ms from trial start).
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Figure 8. Proportion looks to target images averaged across the analysis window (300-1800 ms
after target noun onset) of all included trained (i.e., fast mapping) test trials for nonverbal
cognitive ability-matched autistic (n=19; green) and NT children (n=19; orange). Each dot
represents one participant’s average.
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Figure 9. Proportion looks to target images averaged across the analysis window (300-1800 ms
after target noun onset) of all included trained (i.e., fast mapping) test trials for all autistic (n=17;
green) and NT children (n=27; orange) tested at the Year 2 time point who passed data cleaning
and exclusionary criteria who were included in the secondary analysis. Each dot represents one
participant’s average.
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Chapter 4: The Effect of Variable Exemplars in Young Autistic Children’s Word Learning

The second study of this dissertation investigated the effect of exemplar variability on
word learning acquired through cross-situational word learning (CSL) and ostensive teaching
among 3- to 4-year-old autistic children and NT peers. This study employed the data reported
from children tested at the Year 2 time point in Chapter 3 (hereafter CSL-NV for cross-
situational learning — no variability) in comparison to another experimental eye-gaze task that
shared the design of the Chapter 3 task except that each novel word was paired with three
exemplar images throughout training that varied in color (hereafter CSL+V for cross-situational
learning + variability). The tasks are described in detail in General Methods (Chapter 2). A third
eye-gaze task was administered employing an ostensive teaching design with variable exemplars
(hereafter O+V for ostensive teaching + variability) in order to determine if the effect of
exemplar variability on novel word learning differed depending on whether referents were
named explicitly (i.e., O+V) or ambiguously (i.e., CSL+V).

I asked the following research questions:

1. Are 3- to 4-year-old autistic children able to learn novel words through CSL and
ostensive teaching with variable exemplars, as measured by accuracy (i.e.,
proportion of looking to target images greater than chance (.50)?

2. Do 3- to 4-year-old autistic children show differences in novel word learning
acquired through CSL with variable exemplars compared to without exemplar
variability?

3. Do 3- to 4-year-old autistic children differ from NT peers in their novel word
learning acquired through CSL with variable exemplars or in the extent to which

learning from CSL differs with and without exemplar variability?
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4. Do 3- to 4-year-old autistic children show stronger learning from variable
exemplars when they are named explicitly (i.e., ostensive teaching) than when
they are named ambiguously (i.e., CSL) and do they differ from NT peers in the
extent to which explicit naming improves learning?

Methods

Participants

This study included data from 20 autistic children (5 female; m=44.05 months, SD=3.97,
range=36-50) and 30 NT children (15 female, m=32.90 months, SD=2.19, range=30-39).
Description of recruitment procedures and exclusionary criteria can be found in General Methods
(Chapter 2). All but one NT participant and two autistic participants were administered all three
tasks reported in this study (CSL-NV, CSL+V, and O+V). The NT participant missed the CSL-
NV task and one of the autistic participants missed the O+V task due to fussiness, and the other
autistic child was administered the CSL+V task twice in error instead of O+V. For that child, the
first time the task was administered was coded and included in analyses for the CSL+V task
only. Most participants (all 20 autistic children and 13 NT children) were tested in these tasks at
the Year 2 time point of of a longitudinal parent project, while an additional 17 NT children who
were within the Year 2 NT age range were recruited to participate in dissertation tasks only. Four
additional NT participants were tested in the dissertation tasks as part of the larger parent study
visit protocol at the Year 2 time point but were not included since data analysis for these studies
had already begun. Among those tested, not all participants ultimately had data for each study
included in analyses due to data cleaning criteria (described below in Data Cleaning). After data
cleaning criteria were applied, data were available for 17 autistic children and 27 NT children for

the CSL-NV task, 14 autistic children and 29 children for the CSL+V task, and 17 autistic



85

children and 30 NT children for the O+V task. Due to these small sample sizes, it was not
feasible to match groups on child characteristic variables. Instead, I included nonverbal cognitive
ability (as measured by Developmental Assessment of Young Children — 2" Edition (DAY C-2)
cognitive domain raw scores; Voress & Maddox, 2013) as a covariate in the analyses as I did in
Chapter 3. Sample characteristics for participants with data included for the CSL-NV task can be
found in Table 2. Sample characteristics for participants with data included for the CSL+V task
can be found in Table 4 and participants with data included for the O+V task can be found in
Table 5.
Data Analysis
Data Cleaning

Data cleaning procedures were the same as described in Chapter 3. Thirty-three ms video
frames in which children were shifting their gaze or looking away from visual stimuli during the
analysis window (300-1800 ms after target noun onset in test trials, which occurred 2000 ms
from the start of the trial) were removed from analyses. I excluded trials in which children were
looking to visual stimuli for less than 50% of the analysis window and excluded participants if
they contributed 2 or fewer trained (i.e., fast mapping) trials out of a total of 8 (or 25%). As
described in previous chapters, each task included 8 trained (i.e., fast mapping) test trials, 8
untrained (i.e., generalization) test trials, and 2 familiar word test trials (to introduce trial
structure and support children’s attention). However, an experimental design error rendered
generalization test trials uninterpretable. Therefore, analyses included a maximum of 8 trained
(i.e., fast mapping) test trials per participant. Across all children with data included for the CSL-
NV task (after data cleaning and exclusion), autistic children contributed an average of 5/8 test

trials (SD=1, range=3-8) and NT children contributed an average of 7/8 test trials (SD=1,
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range=4-8). For the CSL+V task, autistic children contributed 5/8 trials on average (SD=2,
range=3-8) and included NT children contributed 6/8 trials (SD=2, range=3-8). For the O+V
task, autistic children contributed an average of 5/8 trials (SD=2, range=3-8) and NT children
contributed an average of 7/8 trials (SD=1, range=4-8).
Analytic Approach

After data cleaning, looks to target (coded 1) and distractor (coded 0) from the analysis
window (300-1800 ms after target noun onset) across all trained (i.e., fast mapping) test trials
were averaged within each participant for each task. Thus, the outcome variable included one
average accuracy measure (i.e., proportion looks to target) per participant for each task in which
they contributed sufficient data for inclusion. Raw looking data over time during the analysis
window is depicted in the profile plots (Figure 10 and 11) and the aggregated accuracy data used
in analyses is pictured in the boxplots (Figure 12 and 13). The first research question investigated
whether children were able to learn novel words in the CSL+V task and the O+V task as
measured by average accuracy greater than chance (.50). To answer this question, I conducted
one-sample, two-tailed t-tests comparing the autistic and NT groups’ average accuracy to .50.
For the second and third research questions, I examined whether autistic and NT children’s novel
word learning (as measured by average accuracy) would differ in the CSL+V task compared to
the CSL-NV task and whether diagnostic groups differed in the CSL+V task or in the extent of
difference in learning between the CSL-NV and CSL+V tasks. To answer these questions, I fit a
generalized linear mixed-model using a beta distribution and logit link with the g/lmmTMB
package in R (Brooks et al., 2017). This model regressed average accuracy (in terms of log-odds
of looking to target due to logit link) on the interaction of diagnostic group (dummy coded:

NT=1, autistic=0) and task (dummy-coded: CSL-NV=1, CSL+V=0) with nonverbal cognitive
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ability (DAYC-2 cognitive domain raw scores, grand mean-centered and scaled) included as a
covariate. The model included a random by-subject intercept and by-subject random slope for
task, which was the maximal random effects structure (Barr et al., 2013). For the fourth research
question, I fit another generalized linear mixed-model using a beta distribution and logit link
regressing average accuracy (in terms of log-odds of looking to target due to logit link) on the
interaction of diagnostic group (contrasts: NT=1, autistic=0) and task (O+V=1, CSL+V=0) with
nonverbal cognitive ability (DAYC-2 cognitive domain raw scores, grand mean-centered and
scaled) included as a covariate. This model included a by-subject random intercept only due to
convergence problems when a by-subject random slope for task was included. Because the
aggregated data used in this model included only one observation per level of the task predictor
and task was the only within-subjects predictor in the model, this approach should still provide
correct estimates and a 5% type-I error rate according to Brauer and Curtin (2018).

Results

Regarding the first research question, one-sample two-tailed t-tests revealed that autistic
children’s average proportion looks to target in the CSL+V task significantly exceeded chance,
m=.59, #(13)=2.30, p=.039 while NT children’s did not, m=.47, #(28)=-0.90, p=.375, indicating
that autistic children as a group learned the novel words in the CSL+V task, while the NT
children as a group did not.

The second and third research questions were addressed by the model comparing
accuracy on the CSL-NV and CSL+V tasks. The variable of interest for the second research
question was task (CSL-NV vs. CSL+V), representing the effect of task for the autistic group
based on the dummy coding (i.e., the autistic group was the reference group). This effect was not

significant, (f=-0.10, SE=0.24, z=-0.42, p=.672) suggesting that autistic children’s looking
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behavior did not significantly differ between CSL-NV and CSL+V when taking into account all
other model terms.

The two variables of interest for the third research question were diagnostic group
(representing the effect of group in the CSL+V task based on the dummy coding (i.e., the
CSL+V task was the reference group), and the interaction of diagnostic group (NT vs. autistic)
and task (CSL-NV vs. CSL+V). The effect of group was significant (f=-0.55, SE=0.24, z=-2.32,
p=-021), indicating that the autistic group demonstrated better learning than the NT group in the
CSL+V task when taking into account nonverbal cognitive ability and all other model terms. The
interaction of diagnostic group and task was not significant (=0.50, SE=0.31, z=1.64, p=.101)
indicating that the extent to which exemplar variability affected novel word learning from CSL
did not differ between diagnostic groups when taking all other model terms into account. Full
model results can be found in Table 6.

The fourth research question was answered by the model comparing autistic and NT
children’s looking behavior in the CSL+V and O+V tasks. In this model, the effect of task was
not significant, (f=-0.10, SE=0.22, z=-0.46, p=.649) indicating that autistic children’s
performance did not differ in the CSL+V task compared to the O+V task when taking all other
model terms into account. The effect of diagnostic group was significant, (5=-0.58, SE=0.27, z=-
2.16, p=.031), indicating again that the autistic group outperformed the NT group in the CSL+V
task when covarying nonverbal cognitive ability and taking all other model terms into account.
The interaction of task and diagnostic group was significant, (=0.63, SE=0.27, z=2.35, p=.019).
The direction of the effect suggests that, compared to autistic children, NT children showed a
larger increase in performance in the O+V task compared to the CSL+V task when taking all

other model terms into account. Full model results can be found in Table 7.
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Discussion

The purpose of this study was to investigate the impact of exemplar variability in young
autistic children’s novel word learning acquired through CSL and ostensive teaching and
compare that learning to NT peers. The research questions were examined through
administration of a series of eye-gaze experiments where children heard novel words while
viewing images of their novel referents. In test trials, children were shown the target object
alongside a distractor while they heard “Where’s the gip?” Do you like/see it?” Children’s eye
movements were recorded and then coded offline frame-by-frame for the outcome measure. The
CSL-NV task design followed a classic CSL paradigm, described in more detail in previous
chapters. The CSL+V task added exemplar variability to the CSL paradigm, pairing each novel
word with three exemplar images presented during training that varied in color. The O+V task
also paired three exemplar images with each novel word during training, but presented each
novel word-object pairing individually in each trial such that each object was named explicitly.
This task therefore allowed us to examine whether explicit naming improved novel word
learning from exemplar variability over ambiguous naming (i.e., CSL).

Because previous research has suggested that autistic children do not show a shape bias
in early development (Hartley & Allen, 2014; Potrzeba et al., 2015; Tek et al., 2008), possibly
due to underlying differences such as difficulty abstracting category-relevant properties across
exemplars (Tek & Naigles, 2017) which may be related to fragmented categorical
representations competing for processing (Tovar et al., 2020), I expected autistic children to have
more difficulty learning words when training exemplars varied perceptually (i.e., the CSL+V
task) compared to when a novel word was paired with only a single exemplar (i.e., the CSL-NV

task). I further expected autistic children to have more difficulty learning words from variable
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exemplars (i.e., in the CSL+V task) than NT peers. Finally, I expected that children might be
more successful learning novel words from variable exemplars when they were named explicitly
(i.e., in the O+V task) than ambiguously (i.e., in the CSL+V task). Study results were surprising;
contrary to expectations, autistic children as a group demonstrated above-chance accuracy in the
CSL+V task, indicating that they were on average able to learn novel words from variable
exemplars. By contrast, the NT children as a group did not significantly differ from chance in the
CSL+V task. This finding was likewise surprising as evidence in the literature indicates that
variability is not detrimental to NT children’s word learning at least in terms of immediate
referent selection (i.e., fast mapping) for words referring to concrete objects, and is even
beneficial in terms of retention and generalization of those words (Crespo & Kaushanskaya,
2021; Perry et al., 2010; Twomey et al., 2014, 2018). Further, when diagnostic groups were
directly compared, autistic children showed significantly better learning in the CSL+V task
compared to NT peers when accounting for differences in nonverbal cognitive ability as a
covariate and all other model terms (Table 6). While model results did not yield a significant
difference between CSL-NV and CSL+V task performance for the autistic group in this study, it
is notable that the same children did not show above-chance accuracy in the CSL-NV task as
reported in the secondary analysis of Chapter 3. The lack of differences found between tasks
when directly compared might be attributed to the wide variability in autistic children’s
performance in the CSL-NV task such that there was considerable overlap between tasks (Figure
12) or to the relatively small sample size. This pattern of findings contrasts with that of the NT
children, who at the Year 2 time point showed above-chance accuracy in the CSL-NV task (as

reported in the secondary analysis of Chapter 3) but not in the CSL+V task.
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Also contrary to expectations, explicitly labeling novel words referring to variable
exemplars (i.e., the O+V task) did not improve learning over the CSL+V task for autistic
children. In fact, autistic children did not differ from chance in O+V task accuracy. The NT
children were above chance in the O+V task, and in comparison to the autistic group showed a
larger increase in learning from exemplar variability in the O+V task compared to the CSL+V
task. These findings align more closely with the majority of the extant literature suggesting that
exemplar variability at a minimum is not deleterious to NT children’s learning of words referring
to concrete objects (Crespo & Kaushanskaya, 2021; Perry et al., 2010; Twomey et al., 2014,
2018). However, it does appear that the combination of exemplar variability and referential
ambiguity was particularly difficult for NT children in this sample, who were otherwise able to
learn novel words with above-chance accuracy in both a CSL task without variability (CSL-NV)
and an explicit labeling task with variability (O+V). This finding might be expected based on the
assumption that combining a CSL task with variable exemplars would increase the difficulty in
comparison to either a basic CSL task or exemplar variability alone. For example, 10-month-old
NT children who were able to learn word-object mappings from a single exemplar failed to show
evidence of learning when presented with variable exemplars during training, which the
researchers attributed to the cognitive load of the multiple exemplar condition in very young
children (Taxitari et al., 2020). As another example, learning verbs is more difficult than learning
nouns for young children (e.g., Gentner, 1982, 2006; Gentner & Boroditsky, 2001) and
variability in actors during novel verb training was found to be detrimental in comparison to one
actor for 2.5- and 3-year-old NT children (Maguire et al., 2008).

Interestingly, the opposite pattern held for the autistic children. They demonstrated

above-chance learning on/y in the task including both exemplar variability and a CSL paradigm
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(CSL+V). While surprising, there are a few possible explanations for this pattern of findings.
First, the design of this study may have allowed children to rely on different mechanisms to learn
words than those involved in shape bias studies. For example, in the fast-mapping test trials,
children only had to associate a novel word with one of the exemplars they had already seen, not
extend the learned novel label to a new object based on either shape or some other characteristic
(e.g., function or color), possibly allowing children to rely more heavily on simple associative
learning. Or, perhaps how narrowly exemplars varied during training (i.e., in color only) was not
sufficient to elicit the expected effect in autistic children. According to computational modeling
by Tovar et al. (2020), findings of a lack of shape bias in autistic children may be attributed to
more fragmented, context-bound category representations competing for processing of incoming
stimuli. If the within-lexical category exemplars in the present study were too similar
perceptually, they may not have produced the kind of interference described by Tovar et al.
(2020), and instead been perceived as essentially the same image, again allowing children to rely
on associative learning. However, these explanations do not account for the superior
performance by autistic children in the CSL+V task. While the within-lexical category exemplars
varied relatively narrowly (i.e., on only one perceptual dimension), that the colors of the images
on screen changed more frequently throughout the training trials may have added to the task’s
overall perceptual salience and therefore enhanced autistic children’s visual attention. That is,
autistic children may have preferentially attended to this higher salience task to a larger extent
than NT peers. Previous findings offer some support for this view; for example, autistic
individuals’ fixations to visual scenes have revealed a greater pixel-level saliency bias (e.g.,
color, intensity, and orientation) but reduced bias at the object-level (e.g., size, complexity,

solidity) and semantic-level (e.g., face, emotion, motion, operability) relative to NT comparisons
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(Wang et al., 2015). That the objects changed color frequently throughout the task may have
therefore added to the saliency of the CSL+V task specifically for autistic children. This
explanation would also align with a previous eye-gaze study from our research group which
found that more perceptually salient distractor images of familiar objects drew autistic (but not
NT) children’s attention away from named but less perceptually salient images of familiar
objects (Venker et al., 2021).

However, another study found that autistic children’s novel referent selection was
actually hindered by high perceptual salience compared to low perceptual salience (Venker et al.,
2022). The authors attributed this effect to more difficulty visually disengaging from high
salience distractor images to look to named high salience target images in referent selection test
trials compared to low salience trials, often referred to as “sticky” attention. It is worth noting
that children saw only one image at a time during training in that study, more similar to the O+V
task where autistic children also did not show above-chance accuracy. Perhaps moving from one
image on screen at a time during training to two images during test encouraged more visual
exploration between high salience targets and distractors among autistic children. By contrast,
the CSL+V task included two images on screen at a time through both training and test, possibly
allowing children more time to habituate to the complexity of the visual array. The training phase
of the CSL+V task also moved relatively quickly (each trial lasted ~3.5 seconds), there was a
half-second pause between trials, and images appeared on both sides of the screen across trials.
Therefore, even if autistic children did have “sticky” attention for high salience images, the task
provided ample opportunities to shift their gaze and view different images throughout training.
Additionally, children only received three exposures to the novel word while viewing each novel

object during training in Venker et al. (2022). In the present study, children had 10 exposures to
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each novel word-object pairing in each task. It is possible that sufficient exposure allows autistic
children to overcome lower-level perceptually-driven looking preference for higher salience and
even result in better learning, especially if interest or attention were better sustained as a result.
Such a possibility could have important implications for language intervention and should be
explored further in future work.

If autistic children’s superior performance in the CSL+V task was due to increased visual
attention during training, one metric that may provide evidence is the amount of time children
were shifting or looking away from (i.e., missed) the visual stimuli during training trials. I
calculated the average percent of frames children missed within a window during training trials
between the onset of the first spoken novel word and the offset of the second spoken novel word
(500-3700 ms after training trial start). Across all autistic children who had available data (but
before exclusion based on data cleaning criteria; n=20 for each task), children missed 34.53% of
the training trial window on average (SD=17.52, range=8.66-71.44) for the CSL-NV task. For
the CSL+V task, children missed 29.88% on average (SD=13.09, range=8.45-55.05). While less
in absolute terms, a paired #-test revealed this was not a statistically significant difference,
#(19)=1.34, p=.194. Therefore, it does not appear that autistic children were more attentive to
training trials in the CSL+V task relative to the CSL-NV task, at least in terms of frames in
which they looked to visual stimuli. However, it should be noted that this is a relatively course
measure of attention as the response codes only indicated whether children were or were not
directing their gaze to one of the two areas of interest (AOls; i.e., the grey boxes around each
image). This measure did not account for visual exploration of image features within the AOI,
time spent looking at each AOI, or number of shifts between the two AOIs. It is possible that

simply looking in the direction of named referents is not equivalent to fully engaging in a word
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learning opportunity. As further evidence that there may be a disconnect between attention
during training as measured by time spent looking to visual stimuli and resulting learning, the
NT group on average missed significantly less of the training trials in the CSL+V task compared
to the autistic group based on a two-sample two-tailed z-test (#(29.88)=-3.64, p=.001) despite an
average accuracy not differing from chance. The distinction between visual attention based on
stimulus salience and attention based on learned associations has been explored in a previous
CSL study with young NT children (Smith & Yu, 2013). By manipulating trial order such that
visual attention based on local stimulus novelty could be distinguished from attention based on
statistical regularities, they found that children who learned the words in the task showed
habituation to the local novelty effects relative to the non-learners, who showed sensitivity to
stimulus novelty throughout the task. Unlike the task in Smith and Yu (2013), the novelty and
salience of the exemplars presented during training in the CSL+V task should have been
relatively consistent across trials. The same within-lexical category exemplar never repeated
from one naming instance to the next, and there were the same number of exemplars for each
novel word (see Appendix A and B). Therefore, stimulus novelty/salience should be less likely to
compete with the unfolding statistical regularities for attention in the CSL+V task. If salience
remained at a moderate, consistent level across trials, perhaps it acted instead as an attentional
aid to the regularities informing the correct word-referent mappings specifically for children who
are more sensitive to low-level perceptual salience. More fine-grained analysis of autistic
children’s attention to and interest in high and low salience word learning tasks and resulting
learning may be a fruitful area for future research.

One final remaining question regarding the findings of the present study is why autistic

children were above chance in the CSL+V task but not the O+V task, which should have been
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easier as each object was labeled explicitly one at a time. One possibility was discussed above;
perhaps viewing only one object per training trial in the O+V task encouraged “sticky” attention
during test because children were not already habituated to seeing two highly salient objects
side-by-side as they were in the CSL+V task. If autistic children do prefer low-level perceptual
salience, they may have been more driven to visually explore the images than to fixate based on
spoken labels. Another possibility is the order of task administration. Children were randomly
assigned to one of two administration protocols. In both protocols, the CSL+V task was
administered after at least two others but never last, while the O+V task was administered after
only one other task in the first protocol and last in the second protocol. It is likely, therefore, that
at least some children were affected by fatigue during administration of the O+V task to a greater
extent than the CSL+V task. It is worth noting that most autistic children were individually more
accurate than chance in both tasks (Figure 13). Indeed, the autistic children’s median average
accuracy in both tasks (represented by the bold line green lines in Figure 13) are very similar
(Mdn=.60 in CSL+V and Mdn=.59 in O+V). However, the child-level averages in the O+V task
appear to skew lower than the CSL+V task which likely brought down the average accuracy at
the group level.
Limitations and Future Directions

The present results should be considered in the context of several potential limitations.
First, applying data cleaning criteria and the fact that some children were not able to complete all
experimental tasks resulted in unequal numbers of children with data available for analysis for
each task. I chose to analyze all the available data and compared across tasks using mixed-effects
models under the assumption that the data are missing at random (MAR; e.g., Pugh et al., 2021).

I am assuming MAR for the purposes of this analysis because the data are largely missing due to
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the study design choice to exclude at the task level based on number of trials contributed, one
participant had missing O+V data due to experimenter error, and only one participant each for
the CSL-NV and O+V were too fussy to continue the protocol. I chose to exclude children at the
task level if they contributed two or fewer trials after data cleaning under the assumption that one
to two trials would be too noisy to produce a reliable average accuracy measure. Therefore,
while this decision reduced some bias in the outcome measure, I cannot entirely rule out the
possibility that children who contributed less data and were therefore excluded for a given task
differed in some way that was not accounted for by the available data and included covariates.
This limitation may be particularly relevant for the CSL+V task, as only 14 autistic children had
sufficient data for inclusion based on the criterion used (compared to 17 for the other two tasks),
and this was the only task in which autistic children as a group were significantly above chance.
For example, among many possible sensory profiles, some autistic children may have more
sensory-seeking tendencies while others may have more sensory-avoidant tendencies (e.g., Little
et al., 2017). Perhaps sensory-avoidant children found the perceptual experience of the CSL+V
task too overwhelming and looked away more often. Excluded children’s inattention to the task
could also be related to abilities in other domains. For example, Venker (2019) found that the
autistic children excluded from analyses due to insufficient contributed data had the lowest
language skills. Additionally, as in all studies in this dissertation, I acknowledge that the present
findings may not generalize to the broader population given that the sample was primarily
composed of white, non-Hispanic or Latino children from higher socioeconomic status
backgrounds (see Table 4 and 5 for participant characteristics).

Another limitation of the present study that should be noted was the use of a covariate

approach to account for diagnostic group differences in nonverbal cognition. As discussed in
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Chapter 3, I chose to covary nonverbal cognitive ability for two reasons: first, because domain-
general mechanisms at least partially support statistical learning (Frost et al., 2015; Kirkham et
al., 2002; Krogh et al., 2013) and CSL in particular is related to multiple cognitive domains in
NT children (Vlach & DeBrock, 2017). Second, the larger parent study under which most
participants were originally recruited was designed to match groups on nonverbal cognition. As
such, the range of scores on the nonverbal cognitive measure between groups were more similar
than other measures. While commonly used, the validity of the covariate approach in accounting
for group differences has been questioned in cases where the covariate is meaningfully related to
group (Dennis et al., 2009; Miller & Chapman, 2001). While a large subset of autistic individuals
have cognitive abilities within or above the average range for their age, current estimates suggest
37.9% of autistic 8-year-olds have an intellectual disability (at least among those with data
available; Maenner et al., 2023). Thus, it is arguable whether cognitive ability is meaningfully
related to autism diagnosis and significant diagnostic group effects found in this study should be
cautiously interpreted. One might also consider the role of other child characteristics that differ
between these groups even when accounting for nonverbal cognitive ability in analyses, such as
receptive language and chronological age (Table 4 and Table 5). The NT children were recruited
at an intentionally younger age than the autistic children in order to match on nonverbal
cognition, and therefore diagnostic group is highly confounded with chronological age in this
sample. Thus, if I were to include age in the models, the variance accounted for by age would
likely absorb much of the group effect. However, results of the present study should be
considered within the context that the autistic children were older and might have some
developmental advantage over the NT group. Future studies including an age- and cognitive

ability-matched NT sample might clarify this question. Additionally, given that these tasks are
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linguistic in nature, it is reasonable to question the role of receptive language abilities. However,
the fact that the autistic children outperformed the NT children in the CSL+V task despite
significantly lower receptive language abilities as a group suggests that receptive language would
not account for the diagnostic group effect. Individual child characteristics as predictors of
performance within the autistic group, including age and receptive language, will be examined in
Chapter 5.

Finally, it is important to acknowledge that learning a word involves more than
immediate mapping of labels to referents. Unfortunately, the experimental design error that
prevented analysis of generalization trials leaves open the important question of whether
exemplar variability might differentially affect autistic children’s willingness to extend a label to
a novel exemplar, and the present study did not include retention test trials to understand how
children’s learning from CSL and exemplar variability evolves over time. Just because autistic
children appeared to demonstrate encoding of novel words would not necessarily preclude
forgetting after a delay or if learning opportunities were spaced apart in time. The importance of
examining the impact of exemplar variability on generalization and retention of word learning in
autistic children will be elaborated in General Discussion (Chapter 6) and should be examined in
future studies.

Conclusions

This study aimed to investigate the impact of exemplar variability on young autistic and
NT children’s word learning in a CSL paradigm and compare that learning to a CSL task without
variability and an ostensive teaching task with variability to better understand how young autistic
children learn in ambiguous (i.e., CSL) and perceptually variable contexts. Contrary to

expectations, results suggest that autistic children were able to learn novel words from a CSL
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task with exemplar variability and performed better than NT peers when nonverbal cognition
was covaried. Compared to the autistic group, the NT group showed a larger increase in
performance from the CSL task with variability to the ostensive teaching task with variability,
suggesting that NT children benefitted from explicit 1:1 naming in the context of exemplar
variability to a greater degree than the autistic children. Given the inclusion of nonverbal
cognitive ability as a covariate, significant group effects should be interpreted cautiously. While
surprising, these findings may highlight the role of perceptual salience in autistic children’s word

learning and should be investigated further including generalization and retention test items.
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Table 4. Participant characteristics and demographic information for children with data included

for the CSL+V task.

Autistic Group NT Group .
(n=14) (n=29) Group Comparison
Mean (SD) Mean (SD)
Median Median
Range Range
Participant Characteristics
44.07 (3.79) 32.97 (2.20)
Age (Months) 45 33 p<.001
36-50 30-39
Receptive Language
25.50 (11.97) 42.15 (8.20)
Raw Score 19 41.5 p<.001
11-53 30-65
64.57 (22.57) 115.92 (14.36)
Standard Score 50 117.5 p<.001
50-125 87-142
Expressive Language
27.14 (8.56) 38.42 (4.24)
Raw Score 24 37.5 p<.001
13-44 33-49
69.79 (15.15) 111.00 (9.58)
Standard Score 62.5 108 p<.001
50-103 97-129
Cognitive Ability
Raw Score 38.14 (8.93) 44.90 (4.62) p<.001
35 44
28-57 36-60
76.71 (12.24) 106.10 (7.59)
Standard Score 73.5 105 p<.001
56-104 91-122
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67.93 (7.12) 102.24 (12.03)
Adaptive Behavior 67 102 p<.001
55-78 80-131
35.50 (4.78)
Level of Autism Traits 35 — —
26.5-47
Demographic Information
14.43 (2.71) 17.34 (2.73)
Maternal Education (Years) 14 16 p=.005
11-19 12-26
0 American 0 American
Indian/Alaska Indian/Alaska
Native Native
0 Asian 0 Asian
0 Native 0 Native
Hawaiian/Pacific Hawaiian/Pacific
Race
Islander Islander
1 Black or 0 Black or African
African American American
3 More than one 1 More than one
race race
10 White 28 White
1 Hispanic or 0 Hispanic or
Latino Latino
.. 13 Not Hispanic 28 Not Hispanic or
Ethnicity or Latino Latino
0 Unknown/Not 1 Unknown/Not
Reported Reported

Note. Group differences were quantified by two-sample, two-tailed t-tests if both groups were
normally distributed as measure by Shapiro-Wilk normality test (Arunachalam & Luyster, 2018)
or Wilcoxon rank sum tests (Wilcoxon, 1945) with continuity correction if either was not.
Resulting p-values are reported in the third column. Receptive language was measured by PLS-5
Auditory Comprehension subtest scores (Zimmerman et al., 2011). Expressive language was
measured by PLS-5 Expressive Communication subtest scores. Three NT participants did not
complete the PLS-5. Cognitive ability was measured by DAYC-2 Cognitive Domain scores.
Adaptive Behavior was measured by Vineland-III Adaptive Behavior Composite Scores
(Sparrow et al., 2016). Level of autism traits was measured by CARS-2 total scores, where 15-
29.5 indicates minimal-no autism traits, 30-36.5 indicates mild-moderate autism traits, and 37
and higher indicates high autism traits (Schopler et al., 2010).
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Table 5. Participant characteristics and demographic information for children with data included

for the O+V task.
Autistic Group NT Group .
(n=17) (n=30) Group Comparison
Mean (SD) Mean (SD)
Median Median
Range Range
Participant Characteristics
44.71 (3.80) 32.90 (2.19)
Age (Months) 46 32.5 p<.001
36-50 30-39
Receptive Language
25.71 (11.54) 42.07 (8.05)
Raw Score 26 41 p<.001
11-53 30-65
65.00 (21.48) 115.89 (14.08)
Standard Score 57 117 p<.001
50-125 87-142
Expressive Language
27.94 (7.69) 38.41 (4.16)
Raw Score 24 38 p<.001
18-44 33-49
70.88 (15.14) 111.00 (9.40)
Standard Score 63 108 p<.001
52-103 97-129
Cognitive Ability
Raw Score 38.24 (8.27) 44.97 (4.56) p<.001
36 44
28-57 36-60
75.94 (12.48) 106.23 (7.50)
Standard Score 74 105 p<.001
56-104 91-122
68.82 (7.29) 102.67 (12.05)
Adaptive Behavior 69 102.5 p<.001
53-79 80-131




109

35.21 (3.87)
Level of Autism Traits 35 — —
26.5-43.5
Demographic Information
13.82 (2.35) 17.30 (2.69)
Maternal Education (Years) 12 16 p<.001
11-18 12-26
0 American 0 American
Indian/Alaska Indian/Alaska
Native Native
0 Asian 0 Asian
0 Native 0 Native
Hawaiian/Pacific Hawaiian/Pacific
Race
Islander Islander
0 Black or 0 Black or African
African American American
5 More than one 1 More than one
race race
12 White 29 White
3 Hispanic or 0 Hispanic or
Latino Latino
- 14 Not Hispanic 29 Not Hispanic or
Ethnicity or Latino Latino
0 Unknown/Not 1 Unknown/Not
Reported Reported

Note. Group differences were quantified by two-sample, two-tailed t-tests if both groups were
normally distributed as measure by Shapiro-Wilk normality test (Shapiro & Wilk, 1965) or

Wilcoxon rank sum tests (Wilcoxon, 1945) with continuity correction if either was not. Resulting
p-values are reported in the third column. Receptive language was measured by PLS-5 Auditory
Comprehension subtest scores (Zimmerman et al., 2011). Expressive language was measured by

PLS-5 Expressive Communication subtest scores. Three NT participants did not complete the

PLS-5. Cognitive ability was measured by DAY C-2 Cognitive Domain scores. Adaptive
Behavior was measured by Vineland-III Adaptive Behavior Composite Scores (Sparrow et al.,

2016). Level of autism traits was measured by CARS-2 total scores, where 15-29.5 indicates
minimal-no autism traits, 30-36.5 indicates mild-moderate autism traits, and 37 and higher
indicates high autism traits (Schopler et al., 2010).
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Table 6. Full model results for the analysis comparing autistic (coded: 0) and NT (coded: 1)
children’s performance in the CSL+V (coded: 0) and the CSL-NV (coded: 1) tasks. Nonverbal
cognitive ability (grand mean-centered and scaled) was included as a covariate.

Log-Odds of Target Looking

Estimates SE Statistic p
Intercept 0.41 0.19 2.16 031
Diagnostic Group -0.55 0.24 -2.32 021
Task -0.10 0.24 -0.42 671
Nonverbal Cognitive Ability 0.12 0.09 1.31 191
Diagnostic Group x Task 0.50 0.30 1.64 101

Dispersion Parameter: 9.51

Table 7. Full model results for the analysis comparing autistic (coded: 0) and NT (coded: 1)
children’s performance in the CSL+V (coded: 0) and the O+V (coded: 1) tasks. Nonverbal
cognitive ability (grand mean-centered and scaled) was included as a covariate.

Log-Odds of Target Looking

Estimates SE Statistic P
Intercept 0.40 0.21 1.87 061
Diagnostic Group -0.58 0.27 -2.16 031
Task -0.10 0.22 -0.46 .649
Nonverbal Cognitive Ability 0.09 0.12 0.84 400
Diagnostic Group x Task 0.63 0.27 2.35 019

Dispersion Parameter: 11.8
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Figure 10. Profile plot showing average proportion looks to target images over time for all
autistic (green) and NT (orange) children included in analyses for the CSL-NV task (left) and
CSL+YV task (right). Line shading indicates one standard error around the mean, averaged across
participants. Horizontal dashed line indicates chance (.05). Vertical dashed lines denote the
analysis window, 300-1800 ms after target noun onset (which occurred 2000 ms from trial start).
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Figure 11. Profile plot showing average proportion looks to target images over time for all
autistic (green) and NT (orange) children included in analyses for the O+V task (left) and
CSL+V task (right). Line shading indicates one standard error around the mean, averaged across
participants. Horizontal dashed line indicates chance (.05). Vertical dashed lines denote the
analysis window, 300-1800 ms after target noun onset (which occurred 2000 ms from trial start).
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Figure 12. Proportion looks to target images averaged across the analysis window (300-1800 ms
after target noun onset) during trained (i.e., fast mapping) test trials for NT (green) and autistic
children (orange) with data included in analyses for the CSL-NV task (left) and the CSL+V task
(right). Each dot represents one participant’s average in that task.
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Figure 13. Proportion looks to target images averaged across the analysis window (300-1800 ms
after target noun onset) during trained (i.e., fast mapping) test trials for NT (green) and autistic
children (orange) with data included in analyses for the CSL+V task (left) and the O+V task

(right). Each dot represents one participant’s average in that task.
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Chapter 5: Individual Child Characteristics Associated with Autistic Children’s Word
Learning
The purpose of this final study was to investigate child characteristics predictive of

autistic children’s performance in the three eye-gaze tasks comprising the previous studies to
better understand within-group individual differences in word learning under conditions of
referential ambiguity and perceptual variability. The three tasks were described in detail in
General Methods (Chapter 2). The first task followed a classic cross-situational word learning
(CSL) paradigm where two novel referents appeared side-by-side in each trial were labeled
ambiguously with no cues as to which word labeled each referent. As such, children must track
the statistical co-occurrences between novel words and referents across trials to form accurate
mappings. This task will be referred to throughout this chapter as CSL-NV (CSL-no variability).
The second task also followed a CSL paradigm and was identically structured to the CSL-NV
task with one critical difference: throughout training, each novel word was paired with three
different exemplar images that shared the same shape but differed in color. This task will be
referred to as CSL+V (CSL with variability). The final task also featured exemplar variability,
with three exemplar images varying in color but sharing the same shape paired with each novel
word throughout training. However, this task presented only one word-referent pairing at a time
during training. As such, the effect of exemplar variability could be isolated from the effect of
referential ambiguity (i.e., CSL). This task will be referred to as O+V (ostensive teaching with
variability). In sum, the three tasks could be conceptualized as representing word learning under
conditions of referential ambiguity (CSL-NV), perceptual variability (O+V), and referential
ambiguity with perceptual variability (CSL+V). Children’s average accuracy on these tasks were

visualized in plots in Chapter 3 and 4. The child characteristics included as predictors in analyses
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were receptive language (as measured by Preschool Language Scales — Fifth Edition (PLS-5;
Zimmerman et al., 2011) Auditory Comprehension (AC) raw scores), level of autism traits (as
measured by Childhood Autism Rating Scale — 2" Edition (CARS-2); Schopler et al., 2010),
nonverbal cognitive ability (as measured by Developmental Assessment of Young Children — 2
Edition (DAYC-2; Voress & Maddox, 2013) cognitive domain raw scores), and chronological
age (in months). Details of data collection for these standardized assessments can be found in
General Methods (Chapter 2). I chose these characteristics because similar measures were
investigated in previous studies of CSL in autistic children (Hartley et al., 2020; McGregor et al.,
2013; Venker, 2019). These studies found that receptive vocabulary (Hartley et al., 2020;
McGregor et al., 2013) and familiar word processing (Venker, 2019) predicted performance on
CSL tasks at least in terms of fast mapping (McGregor et al., 2013; Venker, 2019) and referent
selection during training (Hartley et al., 2020), though Hartley et al. (2020) found that retention
and generalization of CSL were not related to any examined child characteristic. I therefore
expected that receptive language would predict autistic children’s performance in the CSL tasks.
The effect of exemplar variability and its associated child characteristics have not yet been
examined in autistic children, but one might expect level of autism traits to predict performance
in the variability tasks if the mechanism underlying a lack of shape bias is specific to autism and
also influences learning from variable exemplars as I had originally hypothesized.
I asked the following research questions:
1. Do receptive language, nonverbal cognitive ability, level of autism traits, or
chronological age predict 3- to 4-year-old autistic children’s performance over and
above the other characteristics included in the model in a referentially ambiguous

learning context (i.e., CSL-NV)?
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2. Do receptive language, nonverbal cognitive ability, level of autism traits, or
chronological age predict 3- to 4-year-old autistic children’s performance over and
above the other characteristics included in the model in a perceptually variable
learning context (i.e., O+V)?

3. Do receptive language, nonverbal cognitive ability, level of autism traits, or
chronological age predict 3- to 4-year-old autistic children’s performance over and
above the other characteristics included in the model in a referentially ambiguous and
perceptually variable learning context (i.e., CSL+V)?

Methods

Participants

This study included data from 20 autistic children (5 female; m=44.05 months, SD=3.97,
range=36-50). Description of recruitment procedures and exclusionary criteria can be found in
General Methods (Chapter 2). It should be noted that the children included in the analyses for the
CSL-NV task in this chapter were only the children who were in the Year 2 age range at the time
of testing. I opted to include only those children to keep the sample as consistent as possible
across the three research questions in the present study as the CSL+V and O+V tasks were only
administered to children in the Year 2 age range of the larger longitudinal parent study.
However, not all participants in the Year 2 age range ultimately had data for each study included
in analyses due to data cleaning criteria (described below in Data Cleaning). After data cleaning
criteria were applied, data were available for 17 autistic children for CSL-NV task, 14 autistic
children for the CSL+V task, and 17 autistic children for the O+V task. Sample characteristics

for participants with data included for the CSL-NV task can be found in Table 2. Sample
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characteristics for participants with data included for the CSL+V task and the O+V task can be
found in Table 4 and Table 5.
Data Analysis
Data Cleaning

Data cleaning procedures were described in more detail in Chapter 3 and 4. To
summarize: within each task, 33-ms frames during the analysis window (300-1800 ms after
target noun onset during trained (i.e., fast-mapping) test trials) were removed from analyses if
coders determined participants were shifting their gaze or looking away from visual stimuli. If a
participant missed 50% or more frames during the analysis window of a test trial, that trial was
excluded from analyses. Participants were excluded if they contributed 2 or fewer test trials (out
of a total of 8) to increase the reliability of the average accuracy outcome measure. Average
contributed trials after data cleaning by group and task were described in Chapter 4.
Analytic Approach

After data cleaning, looks to target (coded 1) and distractor (coded 0) from the analysis
window (300-1800 ms after target noun onset) across all included trained (i.e., fast-mapping) test
trials were averaged within each participant for each task. Thus, the outcome variable included
one average accuracy measure (i.e., proportion looks to target) per participant for each task in
which they contributed sufficient data for inclusion. For each of the three research questions, I fit
a generalized linear model using the beta distribution and a logit link with the glmmTMB
package in R (Brooks et al., 2017). Each model regressed average accuracy (in terms of log-odds
of looking to target due to logit link) on receptive language (PLS-5 AC raw scores), nonverbal
cognitive ability (DAYC-2 cognitive domain raw scores), level of autism traits (CARS-2 total

scores), and age (in months). Each predictor variable was grand mean-centered and scaled on the



119

full autistic sample. The models included outcome data from children with sufficient data for the
CSL-NV task only for RQI, the O+V task only for RQ2, and the CSL+V task only for RQ3.
Unlike Venker (2019) who conducted independent correlations between accuracy and each child
characteristic, I opted to examine all child characteristics together in one model. The reasoning
for this analytical decision was based on the fact that these characteristics tend to intercorrelate,
so [ was interested in whether any specific child characteristic was related to word learning in the
eye-gaze tasks over and above the others. The potential downside of this approach is that
including intercorrelated predictors in the same model could result in multicollinearity, thus
decreasing the reliability of the estimates and inference testing for the predictors (Thompson et
al., 2017). To check for multicollinearity in the models, I measured the variance inflation factor
(VIF) for each predictor. While there is no universally accepted threshold for VIF, >10 is
frequently cited as an indication of high multicollinearity (e.g., Bayman & Dexter, 2021; Midi &
Bagheri, 2010; Salmerodn et al., 2020; Thompson et al., 2017) while a VIF between 5 and 10 may
indicate moderate multicollinearity (Midi & Bagheri, 2010). However, Thompson et al. (2017)
advise against using a measure like VIF dichotomously; that is, a score of 9.9 is not meaningfully
different from a score of 10.1 even if a cutoff of 10 is applied. Across the three models fit in this
study, the majority of predictors had VIF values <5, suggesting low multicollinearity. The only
predictors with values above 5 were nonverbal cognitive ability (VIF=6.47) and receptive
language (VIF=5.41) in the CSL+V model and nonverbal cognitive ability (VIF=5.18) in the
O+V model. While these values were well below a theoretical threshold of 10, I conducted post-
hoc exploratory analyses refitting the CSL+V and O+V models without each of the predictors

with VIF above 5 to investigate whether model results would differ without their inclusion.
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Results

For the first research question investigating child characteristics associated with autistic
children’s performance in the CSL-NV task, model results revealed a significant effect of
receptive language, =0.86, SE=0.42, z=2.07, p=.039. This finding indicates that autistic children
with stronger receptive language skills demonstrated stronger performance in the CSL-NV task
when accounting for nonverbal cognitive ability, level of autism traits, and chronological age. No
other predictors were significant in this model (ps>.05). Full model results are in Table 8.

The second research question investigated child characteristics in relation to autistic
children’s performance in the O+V task. Model results indicated that chronological age
significantly predicted task performance (=0.40, SE=0.19, z=2.16, p=.031) when accounting for
the effects of nonverbal cognitive ability, receptive language, and level of autism traits. No other
predictors were significant (ps>.05). Full model results are in Table 9. Because nonverbal
cognitive ability had a VIF of 5.18 indicating moderate multicollinearity, I re-fit the model
excluding nonverbal cognitive ability. In this post-hoc model, all predictors had VIF values <2.
Chronological age remained significant (5=0.39, SE=0.18, z=2.14, p=.033) when accounting for
the effects of receptive language and level of autism traits.

The third research question examined the relationship of child characteristics with
performance in the CSL+V task. The only significant predictor in this model was the intercept,
£=0.36, SE=0.12, z=2.94, p=.003. Because the child characteristic variables were mean-centered,
this indicates that a child theoretically at the average of the autistic sample in terms of nonverbal
cognitive ability, receptive language, level of autism traits, and chronological age had log-odds
of looking to target significantly greater than 0. None of the child characteristics were predictive

of task performance (ps>.05). Full model results are in Table 10. Because two predictors in this
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model (nonverbal cognitive ability and receptive language) were moderately collinear (VIFs of
6.47 and 5.41 respectively), I refit the model two more times, first excluding nonverbal cognition
and then including nonverbal cognition but excluding receptive language. In both models
excluding one of the two collinear variables, all predictors had VIFs <2 indicating low
multicollinearity. The pattern of results remained the same across all models; no child
characteristics significantly predicted autistic children’s task performance in the CSL+V task
(ps>.05) regardless of whether nonverbal cognitive ability or receptive language were excluded.
Discussion

Utilizing the experimental eye-gaze data presented in Chapters 3 and 4, this study aimed
to explore child characteristics predictive of individual differences in autistic children’s word
learning in various contexts. The eye-gaze tasks included input that was referentially ambiguous
(i.e., the CSL-NV task), perceptually variable (i.e., the O+V task), and perceptually variable and
referentially ambiguous (i.e., the CSL+V task). In doing so, I aimed to explain some of the
heterogeneity in language abilities among young autistic children and begin to identify learning
conditions most appropriate for specific autistic children based on their individual profile. Based
on the child characteristics chosen for investigation in prior studies of CSL in autistic children
(Hartley et al., 2020; McGregor et al., 2013; Venker, 2019), predictors of word learning task
performance in this study were nonverbal cognitive ability, receptive language, level of autism
traits, and chronological age. The first research question examined characteristics associated with
performance in the CSL-NV task, the second research question examined characteristics
associated with performance in the O+V task, and the third research question examined

characteristics associated with performance in the CSL+V task. For each research question, a
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model was fit that included all four predictors. Thus, any significant findings suggest an effect
over and above the other included characteristics.

As hypothesized, study results indicated that the performance among autistic children in
the basic CSL task (CSL-NV) was predicted by receptive language when accounting for the
effects of nonverbal cognitive ability, level of autism traits, and chronological age. This finding
aligned with previous reports suggesting a relationship between aspects of receptive language
ability and CSL in autistic school-age children and adolescents (Hartley et al., 2020; McGregor
et al., 2013; Venker, 2019). For example, McGregor et al. (2013) reported a significant
association between fast mapping accuracy in a CSL task and receptive vocabulary in autistic
school-age children and adolescents (age in months: M=134, SD=25). Hartley et al. (2020) found
that receptive vocabulary was predictive of referent selection accuracy during training in a CSL
task among autistic school-age children, but not retention or generalization of learning. In
Venker (2019), familiar word processing was correlated with accuracy in a CSL task among
autistic school-age children. Venker (2019) reported a marginal but non-significant correlation of
receptive vocabulary with CSL, which she attributed to the exclusion of six autistic children with
low vocabulary scores limiting the variability in the receptive vocabulary measure. The measure
of receptive language used in the present study (PLS-5 Auditory Comprehension raw scores)
differed from prior work in that it encompasses broader linguistic skills than just vocabulary or
familiar word processing. As such, it is not clear whether a more specific subskill (such as lexical
processing or knowledge) might be driving the effect found in this study or whether multiple
abilities within the domain might relate to CSL. However, the present findings suggest further
investigation into the relationship between CSL and receptive language abilities beyond

vocabulary in autistic children may be warranted. Aside from receptive language, no other child
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characteristics were associated with performance in the CSL-NV task. While null results are not
directly interpretable, it is notable that prior CSL studies also did not find a significant effect of
age (Hartley et al., 2020; McGregor et al., 2013; Venker, 2019), nonverbal cognitive ability
(Hartley et al., 2020; Venker, 2019), or level of autism traits (Venker, 2019). Together with the
extant literature, these findings point to an emerging relationship between receptive language and
CSL superseding that of other characteristics.

The second research question investigated the same characteristics in relation to autistic
children’s performance in the O+V task, which involved explicit 1:1 labeling of perceptually
variable exemplars during training. While no previous study has investigated the effect of
exemplar variability on autistic children’s word learning, I considered that level of autism traits
might be relevant if the same mechanisms underlying a tendency not to extend labels based on
shape (i.e., shape bias) also lead to difficulty learning from variable exemplars. However, as
reported in Chapter 4, I did not find that autistic children had difficulty learning words in the
context of exemplar variability. Thus, logic might follow that level of autism traits would not be
predictive of children’s performance. The only significant predictor that did emerge for the O+V
task was chronological age (in months). The direction of this effect suggests that young autistic
children become more successful at learning words from multiple perceptually variable
exemplars with age - at least in a basic word learning task. Previous studies have demonstrated a
similar developmental trend in NT children. For example, 10-month-old infants were able to map
words to objects when trained on a single exemplar, but were not when presented with multiple
variable exemplars during training (Taxitari et al., 2020). Two-year-old toddlers, on the other
hand, mapped successfully in both conditions (Twomey et al., 2014). Vlach and Sandhofer

(2011) found a similar pattern in a word learning task with variable background contexts. They
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found that 2.5- to 3-year-olds were detrimentally affected when the training context varied or the
test context mismatched the training context, while 4-year-olds were successful across
conditions.

The final research question sought to understand child characteristics related to autistic
children’s performance in the CSL+V task, which combined exemplar variability with a CSL
paradigm, essentially combining the conditions of the two previous tasks. Unlike the CSL-NV
and O+V tasks, I did not find evidence of any relationship between nonverbal cognitive ability,
receptive language, level of autism traits, or chronological age with children’s accuracy in the
CSL+V task. Interestingly, this was also the only task in which the autistic children with
sufficient data for inclusion in analyses were as a group significantly more accurate than chance.
It may be argued that individual predictors of performance on tasks where the group average was
not above chance represent random behavior. However, as noted in previous chapters, individual
autistic children showed a wide range of accuracy, and several were individually above chance in
absolute terms. I argue that it is just as important to investigate individual differences in these
tasks for a few reasons: First, because we did not limit the sample to children who were able to
learn in the tasks, the range of performance is representative of the heterogeneity of the autistic
population (though the sample was limited in other ways; see previous chapters and General
Discussion (Chapter 6). Second, these investigations may provide valuable insight into the
characteristics that predict learning across the full range of task performance. Finally, examining
individual differences among children with a wide range of accuracy allows for more robust
statistical inferences. This final point may explain the null findings in the analyses of child
characteristics related to the CSL+V task. While there was considerable within-group variability

across all tasks (see Figure 12 and 13), the SD of children’s average accuracy was 0.21 and 0.19
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for the CSL-NV and O+V tasks, respectively, while the SD of the CSL+V task was 0.14. Thus,
there may have simply been insufficient variance in the average accuracy measure for this task to
detect any effect of individual child characteristics. It should be noted again that only 14 autistic
children contributed sufficient data for inclusion in analyses for the CSL+V task compared to 17
each for the CSL-NV task and the O+V task. Therefore, the sample included may have also been
slightly more homogenous than those who were included in the other two tasks. Of course, there
may be some other characteristic shared by children who performed well in this task that was not
captured among the included variables. Visual attention is a notable possibility given the
differences in number of included children between tasks was based on amount of time spent
looking to the visual stimuli. Assuming the CSL+V task was more perceptually salient than the
other two tasks as discussed in Chapter 4, there may be within-group differences in learning
depending on how strongly children’s attention is pulled by stimulus salience. As discussed in
Chapter 4, the novelty and salience of the exemplars presented during training was presumably
relatively consistent throughout the trials and should therefore be less likely to compete with the
unfolding statistical regularities for attention. As such, the novelty and salience of the exemplars
may have acted instead as an attentional aid to the regularities informing the correct word-
referent mappings particularly for children who are sensitive to low-level perceptual input. Given
that some autistic children may have a variety of sensory profiles including both sensory-seeking
and sensory-avoidant (Little et al., 2017), it is possible that children attended to and learned from
the CSL+V task relative to their sensory profile.
Limitations and Future Directions

The findings presented in this study should be considered in the context of several

limitations. First, it should be noted that the analytical decision to include all covariates in one
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model for each task resulted in a slightly different interpretation from the approaches of Venker
(2019) or Hartley et al. (2020). Venker (2019) conducted individual correlations with each
examined child variable and CSL task accuracy, while Hartley et al. (2020) took a model
comparison approach iteratively adding child characteristic variables to the larger model and
measuring improvement in model fit as an indication of individual differences in those
characteristics. McGregor et al. (2013) regressed accuracy on age and receptive vocabulary both
together and separately. A drawback of these approaches is the risk of inflating type-I error by
conducting multiple comparisons, especially as it is unclear if the researchers conducted
corrections on resulting p-values. However, the interpretation of the present findings is not
precisely comparable to these previous studies as a result. Rather, all significant child
characteristics found represent a relationship between that ability and task performance when
accounting for the effects of all the other included covariates. This distinction is important as
results may not have been identical if I had conducted individual correlations between each
characteristic and child accuracy. Another limitation worth acknowledging is the differing
sample sizes across tasks. Overall, included sample sizes were small (n=17 in the CSL-NV task,
n=17 in the O+V task, and n=14 in the CSL+V task) but not very different from the autistic
groups of similar studies (n=18, Venker, 2019; n=15, Hartley et al., 2020). It should be noted
that I only included children in the analysis for the CSL-NV task who were tested at the Year 2
time point of the larger parent study, although additional children were tested at the Year 1 time
point and were included in the main (matched groups) analysis in Chapter 3. This decision was
due to the fact that children only participated in the other two tasks at the Year 2 time point and I
sought to keep the included children in this study as consistent as possible across research

questions. Even so, the samples were not equivalent across tasks due to different children
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meeting data cleaning criteria for each. Additionally, the predictor variables were centered and
scaled on the full autistic sample, though some children were excluded in each analysis due to
insufficient data for inclusion. While this analytical approach maintained consistency in the
individual values for each predictor across models, the slight differences in sample
characteristics due to exclusion may warrant individually centering and scaling the predictors for
each model in future work. In sum, any qualitative comparison of the effects across the different
models should be made cautiously as the analyses were not within-subjects, and while the
centering of predictors was identical across models, the samples were not.

It should also be acknowledged that any causality or directionality of the relationship
between the individual child characteristics and task performance cannot be gleaned from these
analyses. Though one might interpret the findings as an indication that autistic children with
stronger receptive language skills are better at tracking statistical regularities and extracting
word-referent mappings under conditions of referential ambiguity (i.e., CSL), it could also be
that some mechanism underlying CSL results in better receptive language ability as measured by
standardized assessment (PLS-5 Auditory Comprehension raw scores in this case). Moreover,
autistic children may learn better from exemplar variability with age over the preschool years (at
least when referents are labeled explicitly, i.e., the O+V task), but it is not clear whether
maturation alone is necessarily the cause of this improvement. It would be reasonable to say that
it influenced performance over and above that of receptive language, nonverbal cognitive ability,
and level of autism, but other unspecified factors that tend to change with development (e.g.,
attention) could still contribute.

Finally, while the present study provided some insight into individual differences

associated with autistic children’s initial word learning across conditions of referential ambiguity
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(i.e., CSL) and perceptual variability, it is important to acknowledge that learning a word
involves considerably more than immediate referent selection. As discussed previously, an
experimental design error prevented the planned investigation of children’s generalization of
learning in this dissertation, and therefore I cannot rule out the possibility that different child
characteristics might emerge as predictive of performance on generalization test trials. In
addition, future studies should examine individual differences associated with longer-term
retention of learning. For example, Vlach and DeBrock (2019) demonstrated that NT children do
not show reliable retention of words acquired through CSL after a 5-minute delay until 4 years
old. However, in a study with autistic children, Hartley et al. (2020) found that receptive
vocabulary predicted referent selection accuracy during training trials, but neither receptive
vocabulary, nonverbal cognition, nor chronological age predicted accuracy in retention and
generalization test trials.

Finally, the present results may aid speech-language pathologists in better understanding
which word learning conditions might be most facilitative for young autistic children based on
their individual ability profile. Further, intervention studies tailored to individual profiles would
help determine causality and directionality in these relationships. Study findings suggest that
autistic children with stronger receptive language skills are better able to extract statistical
regularities from referentially ambiguous input. Future intervention designs might consider
capitalizing on these children’s strengths in detecting patterns in language input. For example,
Alt et al. (2014) found a language intervention based on CSL principles resulted in vocabulary
gains for late talkers. The present findings suggest that at least some autistic children might
benefit from such an intervention design as well. Autistic children also appeared to improve with

age in the ability to learn words from input involving variable exemplars (when they were
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explicitly named, i.e., in the O+V task). These results may support including more complex sets
of within-lexical category stimuli with autistic children as they get older. Clinical implications of
this work will be discussed further in General Discussion (Chapter 6).
Conclusions

Study results indicated that young autistic children with stronger receptive language
abilities were better able to learn words from CSL without exemplar variability when accounting
for the effects of nonverbal cognitive ability, level of autism traits, and age. Children were also
found to be more successful in learning words from explicitly labeled variable exemplars with
age when accounting for the effects of receptive language, nonverbal cognitive ability, and level
of autism traits. These findings may have particular relevance for language interventionists in
identifying input qualities most suitable for individual autistic children according to their unique
profile. More research will be needed to confirm these findings in the broader population,
determine direction and causality, and investigate other characteristics that might explain child
performance in the CSL task with exemplar variability, such as sensory processing or visual

attention.
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Table 8. Full model results for model investigating child characteristics predictive of autistic

children’s performance in the CSL-NV task.

Log-Odds of Target Looking

Estimates

SE

Statistic p
Intercept 0.22 0.19 1.14 253
Nonverbal Cognitive Ability -0.69 0.42 -1.67 .095
Receptive Language 0.86 0.42 2.07 039
Level of Autism Traits 0.10 0.23 0.45 .655
Chronological Age 0.23 0.19 1.18 237

Dispersion Parameter: 5.79

Table 9. Full model results for model investigating child characteristics predictive of autistic

children’s performance in the O+V task.

Log-Odds of Target Looking

Estimates

SE

Statistic P
Intercept 0.17 0.16 1.06 291
Nonverbal Cognitive Ability 0.52 0.39 1.33 185
Receptive Language -0.31 0.34 -0.89 372
Level of Autism Traits 0.12 0.24 0.52 .600
Chronological Age 0.40 0.19 2.16 031

Dispersion Parameter: 9.12
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Table 10. Full model results for model investigating child characteristics predictive of autistic
children’s performance in the CSL+V task.

Log-Odds of Target Looking

Estimates SE Statistic P
Intercept 0.36 0.12 2.94 003
Nonverbal Cognitive Ability 0.16 0.30 0.54 587
Receptive Language -0.01 0.28 -0.04 967
Level of Autism Traits -0.05 0.14 -0.36 716
Chronological Age 0.23 0.14 1.58 115

Dispersion Parameter: 19.5
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Chapter 6: General Discussion

Through multiple eye-gaze experiments and standardized assessments, the studies
comprising this dissertation investigated whether differences in underlying mechanisms might
contribute to word learning among autistic children depending on characteristics of the learning
environment and individual differences. As outlined in Chapter 1, these studies addressed this
broader question within a framework informed by statistical learning theory (e.g., Saffran et al.,
1996) and the Attentional Learning Account (Smith, 1999; Smith & Samuelson, 2006). In the
first study, I investigated children’s ability to extract statistical regularities from input when
novel referents are labeled ambiguously across trials to form accurate mappings, referred to as
cross-situational learning (CSL). I examined CSL in a younger cohort of autistic children than
previous studies and compared their learning to younger neurotypical (NT) peers matching on or
statistically accounting for nonverbal cognitive ability. Given developmental effects found in
CSL studies with NT children of this age (Akhtar & Montague, 1999; Vlach & DeBrock, 2019)
and the prevalence of early language delays in autism (Howlin, 2003; Mayo et al., 2013), I
hypothesized that autistic children may have relatively more difficulty learning words from CSL.
The second study investigated the impact of perceptually variable exemplars during training in
both a CSL task and an ostensive teaching task where referents were explicitly labeled. I
expected autistic children to demonstrate more difficulty learning words from variable exemplars
compared to multiple exposures to a single exemplar and more difficulty learning from variable
exemplars in comparison to NT peers. I also anticipated that autistic children would demonstrate
an improvement in performance when referents were labeled explicitly compared to
ambiguously (i.e., CSL). In the final study, I analyzed the relationship of child characteristics to

individual differences in word learning from CSL and variable exemplars among young autistic



136

children. Following prior studies, I investigated the effects of receptive language, nonverbal
cognitive ability, level of autism traits, and chronological age on autistic children’s performance
in the three experimental eye-gaze tasks reported in the previous two studies of this dissertation.
I hypothesized that receptive language would predict children’s performance in the CSL tasks
and that level of autism traits might predict performance in the tasks that included exemplar
variability.

Results of the first study revealed that 2- to 4-year-old autistic children did not show
evidence of learning from cross-situational statistics as measured by accuracy during fast-
mapping (i.e., referent selection) test trials (defined as proportion looking to target images).
However, NT children who were matched on nonverbal cognitive ability also did not show
evidence of learning and did not differ from autistic peers. In a secondary analysis, I examined
CSL among all children within the age range of the Year 2 time point of the larger project under
the assumption that older children would demonstrate stronger performance in the task. Indeed,
NT children in the age range of the Year 2 time point (30-39 months) did demonstrate above-
chance average accuracy, indicating that NT children in this age range were able to learn words
from this CSL task. By contrast, the autistic children tested at the Year 2 time point (when they
were 36-50 months) did not as a group differ from chance in their average accuracy. However,
the autistic children did show considerable variability in performance as visualized in Figure 9.
Moreover, they did not as a group differ from NT peers when nonverbal cognitive ability was
included as a covariate. These findings suggest that many autistic children may have difficulty
learning words from cross-situational statistics before the age of school entry, at least as defined

by this paradigm. However, several children individually demonstrated accuracy that exceeded
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chance (.50) in absolute terms, indicating that such a conclusion would not apply universally
across the autism spectrum.

Findings of the second study were more surprising. Contrary to expectations, 3- to 4-
year-old autistic children were able to learn words in a CSL task that included perceptually
variable exemplars during training (CSL+V) as demonstrated by average accuracy significantly
above chance. The NT children, on the other hand, did not differ from chance in their average
accuracy. In fact, the NT children showed the opposite pattern in accuracy between tasks. That
is, the NT children tested when in the age range of the Year 2 time point were above chance in
average accuracy in the CSL task without variability (CSL-NV) but did not differ from chance in
the CSL+V task. The autistic children also outperformed the younger NT children in the CSL+V
task when covarying nonverbal cognitive ability and accounting for other model terms. Autistic
children did not show a difference in performance between the CSL-NV and the CSL+V task,
however, likely due to the wide variability in the CSL-NV task. Also contrary to my original
hypotheses, the autistic children did not show an improvement in word learning when variable
exemplars were labeled explicitly (O+V task) compared to ambiguously (i.e., CSL+V task).
Surprisingly, the autistic children did not differ from chance in average accuracy in the O+V
task, though the NT children did. The NT children also showed more of a benefit from explicit
labeling in comparison to the autistic group when accounting for all other model terms and
covarying nonverbal cognitive ability.

The third study revealed partial support for my original hypotheses. That is, receptive
language predicted autistic children’s performance in the CSL-NV task when accounting for the
effects of nonverbal cognitive ability, level of autism traits, and chronological age. However,

neither receptive language nor any other characteristic examined significantly predicted
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performance in the CSL+V task. For the O+V task, chronological age predicted autistic
children’s performance such that older children showed stronger learning than younger children.
I had anticipated that level of autism traits might influence children’s accuracy on the tasks that
included exemplar variability under the assumption that the potential mechanisms underlying
differences in shape bias task performance such as those described by Tek and Naigles (2017) or
Tovar et al. (2020) might also lead to difficulty learning from perceptually variable exemplars.
However, given that autistic children did not demonstrate the expected pattern in relation to
exemplar variability, it might follow that level of autism traits would not be relevant.

Some results of this dissertation replicate previous work, while others contribute novel
findings that open doors to future lines of research. Like prior studies (e.g., Smith & Yu, 2008;
Venker, 2019; Vlach & DeBrock, 2017), I found that young NT children are able to use cross-
situational statistics to learn words. However, the experimental design of these studies appears to
have been difficult for the youngest NT children as group-level average accuracy did not exceed
chance in the cognitive ability-matched group which included children as young as 19 months
with an average age of 27.63 months. It was only when I examined NT children who were within
the age range of the Year 2 time point in the parent study (with an average age of 32.96 months)
that average accuracy was greater than chance in the basic CSL task (CSL-NV). As prior work
reported evidence of learning in same-age or even younger NT children (Smith & Yu, 2008;
Vlach & DeBrock, 2017; Vlach & Johnson, 2013), the present findings should not be interpreted
as suggesting that the youngest NT children in this study were not capable of CSL. Rather,
researchers should be aware that CSL is sensitive to differences in methodology and analytical
approach, particularly among children in the early stages of language development. Another

finding of this dissertation confirming extant evidence was the relationship of CSL (without
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variability) to receptive language abilities within the autistic group. For example, McGregor et
al. (2013) found that receptive vocabulary predicted fast-mapping accuracy in a CSL task among
school-age children and adolescents, while Hartley et al. (2020) reported a relationship between
receptive vocabulary and referent selection accuracy during training in a CSL task among
school-age children. Venker (2019) found only a marginal, non-significant relationship between
receptive vocabulary and CSL task performance in school-age autistic children, but a significant
relationship of CSL task performance with familiar word processing. This dissertation extended
this emerging body of evidence in several ways: first, whereas previous studies connected CSL
to only receptive vocabulary or familiar word processing, the present work demonstrated that
CSL was related to receptive language skills broadly (as measured by Preschool Language
Scales 5" Edition (PLS-5; Zimmerman et al., 2011) Auditory Comprehension raw scores).
Moreover, results indicated that this relationship was significant when accounting for nonverbal
cognitive ability, level of autism traits, and chronological age. In addition, these findings
demonstrated that CSL was related to receptive language in 3- to 4-year-old autistic children — a
younger cohort than any previous study. Together, this growing body of evidence suggests an
important role for CSL in the receptive language development of autistic children, which could
be explored in more depth in future work including investigation of the directionality of this
effect.

Additionally, this dissertation contributed novel findings informing contexts supportive
of word learning in autism. The primary novel contribution of this work was the above-chance
performance of autistic children in the CSL task that included exemplar variability (CSL+V)
which was superior in relation to the NT children when covarying nonverbal cognitive ability

and accounting for all other model terms (note however that the NT children were younger than
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the autistic children — whether this pattern would hold with age-matched NT peers remains an
open question). While I did not find a significant difference in autistic children’s learning
between the CSL+V task and either the CSL-NV or O+V tasks, it was notable that their accuracy
exceeded chance in the CSL+V task but not the CSL-NV or O+V task. By contrast, NT children
in the age range of the Year 2 time point were significantly more accurate than chance in the
CSL-NV and O+V tasks but not the CSL+V task. These findings were surprising; I had expected
exemplar variability to negatively affect autistic children’s word learning compared to no
variability and to a greater extent than NT children given previous literature reporting a lack of
shape bias at the group level in this population possibly attributed to underlying conceptual or
processing differences. For example, Tek and Naigles (2017) suggest that difficulties associated
with lexical organization such as abstracting category-relevant properties across exemplars may
be responsible. Relatedly, computational modeling of shape bias differences indicated that
autistic individuals may have a processing style characterized by hyperplasticity and
hyperconnectivity leading to overly-specified categorical representations that compete to process
input (Tovar et al., 2020) preventing integration of exemplars into an abstracted categorical
prototype. I hypothesized that if these researchers’ mechanistic explanations for the shape bias
effect are correct, then by extension learning a word associated with a set of perceptually
variable within-lexical category exemplars may be more difficult for young autistic children in
comparison to learning a word associated with a single exemplar. However, these data did not
support this hypothesis. Not only were autistic children able to learn words via cross-situational
statistics with exemplar variability, but at least among children with sufficient data for inclusion,
they did so at a higher level of accuracy than NT peers when covarying nonverbal cognitive

ability. Why might autistic children have been more successful in this task than anticipated? One
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possibility is they relied on different mechanisms to learn words in the CSL+V task than children
in shape bias studies. Because of the experimental design error in the planned generalization
trials in the present studies, I was only able to analyze fast mapping test trials. In these trials,
children only had to show recognition of an association of the target label and one exemplar that
had appeared during training over a distractor that had been given a different label. By contrast,
shape bias study test trials pair a novel exemplar that shared the same shape as the training
exemplar with an object that shared some other characteristic with the trained exemplar, such as
color. Thus, children may have been able to rely more on statistical, associative learning to
succeed in the fast mapping trials of the CSL+V task in comparison to shape bias studies. The
training exemplars in the CSL+V task also varied within-category relatively narrowly, differing
only in color (Appendix A). Perhaps varying on more dimensions would have pulled more
attention or processing load and elicited the expected effect. As it was, the combination of
narrow exemplar variability and the CSL paradigm involving two images on screen at a time
both during training and test trials resulted in learning in the autistic group, at least among those
with sufficient data for inclusion in analyses. In Chapter 4, I speculated that differences in visual
attention to perceptually salient stimuli may have contributed to the superior performance of
autistic children in the CSL+V task. This possibility has mixed support from previous studies
exploring the role of perceptual salience in linguistic processing and word learning with autistic
children (Venker et al., 2021, 2022). In Venker et al. (2021), perceptually salient familiar object
images attracted attention from named (but less salient) familiar object images in autistic
children to a greater degree than NT children. However, Venker et al. (2022) explored the role of
perceptual salience in autistic children’s novel word learning and found that high perceptual

salience was detrimental compared to low perceptual salience, which the authors attributed to
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“sticky” attention to high salience distractor images. As I discussed in Chapter 4, differences in
experimental design may have prevented an effect of “sticky” attention in the CSL+V task, likely
contributing to the discrepancy in findings compared to those reported by Venker et al. (2022).
Unlike other studies where novelty/salience in the training set attracted children’s attention to the
detriment of their word learning (Smith & Yu, 2013; Venker et al., 2022), the salience and visual
complexity of the CSL+V task were relatively consistent through both training and test phases.
Moreover, the CSL+V task included more exposures to each word-object pairing than Venker et
al. (2022). As such, the design afforded children with ample opportunities to redirect their
attention across stimuli during training and become habituated to the level of novelty and visual
complexity by the test phase.

As I noted in Chapter 4, it is important to interpret these results with consideration for the
effect of the data cleaning criteria applied. I opted to include children’s data in analyses at the
task level only if they contributed more than 2 (out of 8) usable trials (that is, trials in which they
were looking at visual stimuli for at least 50% of the analysis window). This decision led to
unequal sample sizes across tasks as some children met criteria for some tasks but not others. Of
note, only 14 autistic children met criteria for inclusion in analyses for the CSL+V task while 17
met criteria for the CSL-NV and O+V tasks. Thus, one possible alternative explanation for the
above-chance accuracy among autistic children in the CSL+V task is that the lowest-performing
children in the other two tasks simply looked away from both target and distractor images more
often instead of looking more equally between the two (or looking at the distractor more often)
as they did in the other tasks. To explore this possibility, I plotted the average accuracy scores of
children who contributed sufficient data for inclusion in spaghetti plots to visualize the within-

child differences across studies. In these plots, children’s average accuracies within a task were
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indicated with a dot, while a line connected the average accuracies in each task for a given child.
If a child only contributed data for one task, their average accuracy would be denoted by a single
dot without a line. By examining where the single dots without connecting lines lie on the plot,
one can visualize the average accuracy of children who contributed for only the CSL-NV but not
the CSL+V task (Figure 14) or the O+V task but not the CSL+V task (Figure 15). In Figure 14, it
does not appear as though autistic children who contributed data for the CSL-NV task only were
qualitatively less accurate than the rest of the sample. Again speaking qualitatively, Figure 15
suggests that at least one of the autistic children who contributed data for the O+V task but not
the CSL+V task was on the lower end of the overall spread in average accuracy for the sample,
while the others were above chance (.50) and more accurate than about a third of the rest of the
sample. Overall, these plots do not appear to suggest that only the children who were less
accurate in the other tasks were excluded from the CSL+V task. Rather, while I speculated that
autistic children may have been more accurate in the CSL+V task at least in part because its
increased salience promoted visual attention, autistic children can present with a variety of
sensory profiles. Some children may have a greater tendency to seek out sensory input, others
may have a stronger tendency to avoid sensory input, and others may present with a mix of both
(Little et al., 2017). As discussed in Chapter 4, it is possible that children who looked away from
visual stimuli most (and were therefore excluded from analyses) in the CSL+V task may have
found it to be an overwhelming sensory experience. These children’s inattention may also be
related to other skill domains. In a basic CSL eye-gaze experiment with a very similar structure,
Venker (2019) reported that autistic children who were excluded from analyses due to
insufficient data contributed after cleaning had lower language skills. While not the intended

focus of this dissertation, findings may warrant future research to better understand the role of
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perceptual salience in autistic children’s visual attention and its connection to word learning —
particularly with consideration for individual differences in sensory processing.

A secondary novel finding of this research was that naming perceptually variable objects
explicitly (as opposed to ambiguously, i.e., CSL) improved learning for NT children to a greater
extent than autistic children. That NT children demonstrated learning in both a CSL task without
exemplar variability and an ostensive teaching task with exemplar variability but not a
combination of the two may suggest an effect of cognitive load due to the complexity of the
CSL+V task for the NT children. Why might this pattern differ for autistic children? I outlined a
few possibilities in Chapter 4, all related to attentional differences. First, the order of
administration of the tasks was such that half the children saw the O+V task first and half saw it
last. Some children may therefore have been fatigued by the time they saw that task, and groups
may have differed in the extent to which that fatigue affected their attention given previous
findings of diagnostic group differences in sustained attention (Chien et al., 2014, 2015; Vivanti
et al., 2017; but see Johnson et al., 2007) particularly given the prevalence of co-occurring
attention deficit/hyperactivity disorder (ADHD) in autism (Yerys et al., 2009). Another
possibility is that changing from one object on screen during training to two objects on screen
during test in the O+V task invited more visual exploration of both images or “sticky” attention
as was found in Venker et al. (2022).

A final novel finding of this dissertation was that age predicted learning from explicit
naming of variable exemplars (i.e., the O+V task) in autistic children when accounting for
nonverbal cognitive ability, receptive language, and level of autism traits. This result may
suggest that autistic children are better able to learn words from variable exemplars as they get

older, and that this relationship is not better explained by developmental change in receptive
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language, nonverbal cognitive ability, or level of autism traits. There may be other unmeasured
developmental factors that account for this relationship such as improved attention or executive
function, which could be explored further in future studies.

Finally, the studies comprising this dissertation yielded several null results that — while
not directly interpretable — are worth noting for future research. First, neither of the cognitive
ability-matched groups in the CSL-NV task (reported in Chapter 3) differed from chance in
average accuracy as a group, nor did the autistic children included in the secondary analysis.
Further, while the NT group in the secondary analysis did show evidence of learning, their
performance in the CSL-NV task did not significantly differ from autistic peers when covarying
nonverbal cognitive ability. While it is possible that the pattern of results in this study together
with Venker (2019) may suggest CSL (as measured by this paradigm) comes online at an age
averaging somewhere between the present study (range=27-50 months) and that of Venker
(2019; m=76 months, range=48-97 months), it is equally as possible that a simpler task, more
repetitions, or a longer test trial duration might have facilitated successful learning in the autistic
group. Future researchers should be cautious in designing CSL experiments for young children
as methodological differences between studies can clearly have a significant impact on results.
As discussed above, the autistic group also did not differ from chance in the O+V task and did
not improve in performance compared to the CSL+V task. These null results could be attributed
to the explanations in the previous paragraph, but in any case appear to apply to only a few
children. Visualizations of the average accuracy data (Figure 12 and 13) suggest that the low
scores of a small number of autistic children brought down the average for the O+V task. It is
worth noting again that the median average accuracies for autistic children were very similar

between tasks (Mdn=.60 in CSL+V and Mdn=.59 in O+V). A final null finding that should be
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highlighted was that no included child characteristic (nonverbal cognitive ability, receptive
language, chronological age, or level of autism traits) predicted autistic children’s performance
in the CSL+V task when accounting for the effects of the other covariates. The lack of findings
in that analysis could indicate that other unmeasured variables such as attention or sensory
processing are more relevant to performance in this task. Alternatively, there may not have been
sufficient variance in the outcome measure to detect relationships with child characteristics.
Future research may improve upon this work by including larger sample with a wider range of
task performance. As a final note, level of autism traits and nonverbal cognitive ability were not
predictive of performance in any of the word learning tasks when accounting for the other
covariates. It is unclear whether these characteristics were truly unrelated to word learning in
these tasks or if some other factor prevented detection of significant effects. For example, the
measures used to operationalize these constructs were both chosen for their reliability in remote
data collection necessitated by the COVID-19 pandemic. However, neither measure has
historically been used by our research group and may not be capturing these abilities in the same
way as more commonly used measures that are administered in-person.
Theoretical Contributions

Results of these studies provide partial support for an extension of statistical learning
theory to young autistic children. That is, in these experiments autistic children as a group did
show evidence of word learning based on statistical co-occurrences among words and referents
in the input, but only when exemplars varied in color during training. However, within-group
variability in performance was evident across tasks, suggesting that CSL may be an available
word learning process to some (but not all) autistic children. Further, the significant relationship

of receptive language with performance in the basic CSL task (when accounting for other
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covariates) could suggest that autistic children’s ability to use cross-situational statistics results
in stronger language skills, though the current study cannot confirm causality. Previous findings
offer some additional support for this view, relating various aspects of receptive language and
CSL task performance in autistic children such as receptive vocabulary (Hartley et al., 2020;
McGregor et al., 2013) and familiar word processing (Venker, 2019). Venker (2019) found
familiar word processing to also predict CSL in NT children, but receptive vocabulary was not
predictive of CSL in NT children across studies (Hartley et al., 2020; McGregor et al., 2013;
Venker, 2019). Additionally, children with DLD have demonstrated above-chance learning on
CSL tasks but weaker performance relative to peers with typical development (Ahufinger et al.,
2021; Broedelet et al., 2023; McGregor et al., 2022). Together, these findings indicate that cross-
situational statistics are a viable cue for word learning across diagnostic groups and may be
related to broader language abilities in some children.

Unfortunately, the error on the generalization test trials precluded these studies from
providing much insight into the feasibility of the Attentional Learning Account (ALA; e.g.,
Smith & Samuelson, 2006) for young autistic children. However, results may suggest that
attention itself could play a role in autistic children’s word learning if, as I speculated in Chapter
4, exemplar variability increased the overall perceptual salience of the CSL+V task and
improved attention to the task among autistic children as a result. Further research that includes
generalization of learning from variable exemplars will provide a better indicator as to whether
learning to attend to lexical category-relevant features across input enables word learning in
autistic children.

Finally, these results do not support a connection between mechanisms underlying

difficulties with shape bias tasks with learning from variable exemplars in autistic children as I
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had hypothesized. If computational modeling by Tovar et al. (2020) was correct in characterizing
autistic lexical processing by fragmented, overly-specified representations competing to process
incoming stimuli, then we might expect autistic children to process each incoming exemplar as a
new lexical category rather than a member of an existing lexical category along with previous
exemplars given the same label, preventing the formation of generalizable lexical representations
and possibly even impeding immediate word-referent mapping. However, current results do not
support this hypothesis at least as it relates to fast-mapping of variable exemplars. Again, future
research that includes usable generalization test trials will provide stronger evidence for this
claim.
Clinical Implications

The results of these studies may inform future clinical interventions for autistic children
with co-occurring language difficulties. First, findings indicate that at least some autistic children
were able to make use of the statistical regularities in input to correctly map novel words and
referents. However, as a group they showed above-chance accuracy only when training
exemplars varied perceptually, though across tasks many children had individual average
accuracies that were above chance in absolute terms. Together, these findings suggest that
interventions could be designed to harness strengths in CSL for some autistic preschool children.
As discussed in Chapter 5, an intervention incorporating CSL has previously been investigated
for late talkers which led to increases in vocabulary (Alt et al., 2014). Other autistic children
clearly struggled with the referential ambiguity of the CSL tasks and may benefit more from
other interventions. Clinicians and intervention researchers should also consider the perceptual
salience of therapy stimuli given the above-chance learning among autistic children in the CSL

task that included exemplar variability. Depending on their individual sensory profile, autistic
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children’s visual attention might be differentially affected by the level and consistency of the
perceptual salience in the input which could in turn impact their word learning. However, this
possibility should be investigated further in future research as this dissertation was not designed
to investigate these constructs. Finally, the individual differences predictive of word learning
reported in Chapter 5 may assist clinicians in determining input characteristics most facilitative
for word learning for individual autistic children. For example, autistic children with stronger
receptive language skills showed stronger word learning from cross-situational statistics (when
exemplars did not vary). Thus, an intervention designed to incorporate CSL may be beneficial
for autistic children with stronger baseline receptive language skills, while children with greater
needs in receptive language may benefit from different approaches including more explicit
naming or possibly more repetitions, longer exposures, additional cueing, or attentional support.
While the above-chance learning in the autistic group for the CSL+V task overall would suggest
that complex within-lexical category therapeutic stimuli sets could be appropriate for many
children, older autistic children in the sample showed stronger word learning in the task that
included variable exemplars that were explicitly named. Therefore, clinicians might consider
increasing the complexity of therapeutic stimuli sets as children get older, or perhaps beginning
with a single exemplar or a very simple set of stimuli with younger children if they have
difficulty learning a target word. Further research will be necessary to determine whether
implementing an individualized therapeutic approach in this manner would result in measurable
gains, which would additionally help establish causality in the relationships detected in the

Chapter 5 analyses.
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Limitations and Future Directions

Several limitations should be considered when interpreting the results of this dissertation,
several of which could be addressed in future work. First, it is critical to acknowledge that the
demographic composition of the sample limited the generalizability of these findings to the
broader population. The sample was primarily white and non-Hispanic or Latino from higher
socioeconomic backgrounds as measured by maternal education (see Table 1, Table 2, Table 4,
Table 5), and thus these findings may not apply to other demographic groups. Future research
with more representative samples will be important not only for this work but in research on
language development in autism more broadly (Girolamo et al., 2023). Sample sizes were also
relatively small, particularly for the autistic group, which may have limited statistical power to
detect significant effects. It is also important to reiterate that included children varied somewhat
across tasks due primarily to data cleaning procedures. After first cleaning at the trial level
(removing trials in which children were looking to visual stimuli for 50% or less of the analysis
window), I chose a criterion of >25% for trial contribution at the participant level for inclusion in
analyses such that children who contributed 2 or fewer trials (out of a total of 8 fast mapping
trials) were excluded. I chose this criterion to increase the reliability of the average accuracy
outcome measure, assuming that data from only one or two trials would be too noisy. However, a
consequence of this analytical decision was that groups were not equivalent across tasks as some
children contributed sufficient data for some tasks but not others. For the purpose of comparing
performance across tasks, I analyzed all the available data with mixed-effects models assuming
missing at random (MAR; Pugh et al., 2021) because the data were primarily missing due to a
feature of the experimental design, one missing task was due to experimenter error, and two

missing tasks were because the child was too fussy to continue. However, it cannot be entirely
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ruled out that children with excluded data for one task may have differed in some unmeasured
systematic way that would violate the MAR assumption. Additionally, the predictor variables in
Chapter 5 were centered and scaled based on the entire sample, though again the models for each
study had some missing participants due to insufficient data. Results of all studies should be
considered cautiously with this possible bias in mind. This caution should be applied particularly
to the CSL+V task as the fewest autistic children met criteria for inclusion in this task and it was
the only task in which autistic children as a group showed above-chance accuracy.

Another important limitation of these studies which I have discussed in previous chapters
is the lack of matching between diagnostic groups on any child characteristic except for the
primary analysis reported in Chapter 3. Children who participated in these studies were primarily
recruited through a larger longitudinal parent study which was designed to match diagnostic
groups on nonverbal cognition. Thus, children in each group were recruited within an age range
in which their nonverbal cognitive ability would be approximately matchable. This design choice
resulted in a significantly younger NT sample compared to the autistic sample. Despite falling
within a closer cognitive ability range, the groups remained significantly different on all
measured variables. Moreover, only children in the Year 2 age range of the larger parent project
participated in the CSL+V and O+V task, limiting the sample size even further. As such,
matching groups was not feasible in terms of retaining adequate statistical power. I opted instead
to include all children with sufficient data for analysis and include nonverbal cognitive ability as
a covariate in the models. While this approach could be considered an alternative method of
accounting for group differences in nonverbal cognitive ability, researchers have argued that
variables such as cognitive ability are not meaningfully separable from diagnostic group thus

complicating interpretation of results (Dennis et al., 2009; Miller & Chapman, 2001). I also did
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not include any other child characteristics as covariates in the group comparisons since these
variables were so confounded with diagnostic group that their inclusion would likely have
absorbed too much variance to detect any effect of diagnostic group or contributed to
multicollinearity in the models. Thus, diagnostic group effects reported in these studies should be
considered with regard to differences on the variables reported in Table 1, Table 2, Table 4, and
Table 5.

Overall, these tasks were clearly difficult for children in comparison to similar previous
studies. However, it is not clear whether this difficulty was most attributable to the design of the
tasks themselves, the length of laboratory visits including multiple experiments, or possibly even
to the broader impact of the COVID-19 pandemic. Children who participated in these studies
were born between 2018-2020 in the autistic group and 2019-2021 in the NT group, and as such
many of these children spent much of their early postnatal (or even perinatal) period under public
health restrictions which limited opportunities for social interaction outside the home and
increased stress for many families. Several studies have reported subtle developmental delays
associated with the pandemic among some children (Deoni et al., 2021; Imboden et al., 2022;
Sato et al., 2023; but see Kartushina et al., 2021). Children also participated in other
experimental eye-gaze tasks in their laboratory visits in addition to those reported in this
dissertation, possibly increasing fatigue and cognitive load. As discussed previously, these
studies also differed in various aspects of experimental design in comparison to other studies that
may have increased the difficulty for young children. In particular, test trials were relatively
short and included only one repetition of the target word.

Whatever the reason, autistic children tested at the Year 2 time point who had sufficient

data for inclusion in analyses did not as a group demonstrate average accuracy above chance in
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the CSL-NV and O+V tasks. It may therefore be argued that investigating individual differences
within the autistic group in these tasks captures random noise rather than meaningful variation.
As I noted in Chapter 5, a large portion of children were individually above chance in absolute
terms, and the wide variation in performance in these tasks is more representative of the
heterogeneity of the autism spectrum because I did not limit the sample based on accuracy or
ability. I also believe it is important to include children who did not learn in the task such that the
individual difference analyses provide insight into characteristics predictive of the full range of
possible learning outcomes. Still, future studies may benefit from ensuring group-level learning
prior to proceeding with individual differences analyses.

Another limitation related to experimental design was that the linguistic and visual
stimuli were not counterbalanced across tasks; that is, each of the CSL-NV, CSL+V, and O+V
tasks included different sets of words and images. This decision was in part due to the within-
subjects design. The experimental protocol at the Year 2 time point included all three tasks, so
the same stimuli could not be repeated. The fact that there were three tasks also complicated the
counterbalancing as there were only two experimental orders administered. Finally, the available
stimuli were also limited because most children were administered other experimental tasks
using stimuli from the same database during their laboratory visits as part of the larger parent
study. Thus, any comparison across tasks could be confounded by differences in stimuli.
However, it is worth noting again that modeling did not reveal any significant differences in
autistic children’s performance when comparing the CSL-NV task and the CSL+V task or the
CSL+V task and the O+V task. It is recommended that future studies counterbalance stimuli

across conditions.
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Another limitation of these studies in terms of design and data analysis was the relatively
small number of trials, which after aggregating at the child level resulted in even fewer
observations that were ultimately included in analyses. Each experiment had originally included
18 test trials (2 familiar, 8 trained (i.e., fast mapping), and 8 untrained (i.e., generalization). The
familiar test trials were included only to familiarize children with the structure of the test phase
and maintain attention and were therefore not analyzed, while the experimental design error on
the untrained (generalization) trials precluded their inclusion in analyses. Thus, each participant
could only contribute a possible total of 8 test trials per task. I opted to average the accuracy data
across these trials at the participant level such that there was only one observation per participant
per task (if they provided sufficient data for inclusion). I chose this approach in part to align with
Venker (2019) to facilitate comparison across studies but also to meet the assumptions of the t-
tests and then keep the data as consistent as possible across the other analyses. However, more
observations would have been preferable analytically (Brauer & Curtin, 2018). Future studies
may consider analyzing trial-level data and accounting for the resulting non-independence using
mixed-models rather than aggregating. Another way similar data might be analyzed differently in
future studies is examining target looking in relation to time. While I did not have any specific
hypotheses related to the time course of looking in these studies, Hartley et al. (2020) reported
that autistic children were slower in identifying named referents than NT peers in a CSL task, so
examining reaction time or using a growth curve modeling approach could yield interesting
insights in future work.

Finally, it is critical to acknowledge that the operationalization of learning in these
studies is very limited, reflecting only participants’ immediate selection of referents to which

they had previous exposure during the training phase, often referred to as encoding in the
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memory literature (e.g., Vlach, 2019). However, learning a novel word involves not only
encoding a mapping, but also retaining and retrieving that mapping after delays and interference
and generalizing to new lexical category members. Indeed, according to some researchers
“learning” per se can only be measured after a delay (e.g., Bjork & Bjork, 2020). Measuring
learning only at the encoding phase may obscure more lasting learning and meaningful effects as
conditions that support performance during training may not necessarily be the same conditions
that facilitate retention, retrieval, or generalization (Schmidt & Bjork, 1992). In the present
studies, I originally intended to measure generalization of learning during the test phase by
presenting participants with a novel named exemplar that matched training exemplars in shape
but differed in color. However, the distractor image in each generalization test trial was not a
novel color, confounding children’s looking behavior based on learning with looking based on
novelty. As such, those trials were not interpretable. One possible additional consequence of this
experimental design error I considered was that participants might have picked up on the pattern
of target images having a novel color and used that regularity to inform their looking even on
fast mapping trials. To examine this possibility, I visualized children’s accuracy on the first half
of test trials compared to the second half of test trials. Similar to the main analyses, to increase
the reliability of the average accuracy measures, I included participants only if they contributed
>25% of total possible trials for a given half of the test phase (i.e., more than 1 trial out of a
possible total of 4). Based on visual inspection, the resulting plots for the CSL-NV task (Figure
14), CSL+V task (Figure 15), and O+V task (Figure 16) do not appear to follow any clear overall
pattern suggesting children picked up on this unintentional cue. Because this experimental design

error unfortunately precluded the present studies from speaking to generalization, future research
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will be needed assess generalization of learned words to novel exemplars as well as retention and
retrieval of learned words after a delay.
Overall Conclusions

The broad aim of this dissertation was to better understand how young autistic children
learn words across various conditions that characterize naturalistic input. Specifically, I
investigated children’s ability to learn words amidst referential ambiguity (i.e., CSL) and
perceptual variability. Results painted a complex and somewhat surprising picture; I found that
autistic children did not show evidence of CSL in a basic task pairing one exemplar image with
each novel word throughout training but — contrary to expectations — did demonstrate learning in
a CSL task which paired each novel word with three exemplars that shared the same shape but
varied in color during training, and outperformed younger NT children on this task when
covarying nonverbal cognitive ability. Also contrary to expectations, autistic children’s learning
of novel words referring to multiple perceptually variable exemplars was not improved by more
explicit naming, and the extent to which explicit naming improved performance in the tasks
including variable exemplars was larger in NT children compared to autistic children when
covarying nonverbal cognitive ability. Results may point to the influence of perceptually salient
stimuli in autistic children’s word learning, though more research will be needed to examine this
possibility. Finally, investigation of individual differences predictive of autistic children’s
performance in these tasks revealed a link between CSL and receptive language when accounting
for nonverbal cognitive ability, level of autism traits, and chronological age, and a link between
chorological age and performance in the task that included explicitly named variable exemplars
when accounting for nonverbal cognitive ability, receptive language, and level of autism traits.

While cautious interpretation is recommended considering the outlined study limitations, the
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findings of this dissertation provide preliminary insights into mechanisms underlying word
learning in young autistic children across multiple conditions. In doing so, this work extends the
reach of statistical learning theory and may inform future language interventions and
environmental accommodations tailored more specifically for autistic children based on their

individual profile of strengths and needs.
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Figure 14. Spaghetti plot connecting the average accuracies for individual participants with
sufficient data for inclusion in the CSL-NV and CSL+V task. Dots without connecting lines
represent the average accuracy for autistic (green) and NT (orange) participants who contributed
sufficient data for inclusion in one task but not the other.
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Figure 15. Spaghetti plot connecting the average accuracies for individual participants with
sufficient data for inclusion in the O+V and CSL+V task. Dots without connecting lines
represent the average accuracy for autistic (green) and NT (orange) participants who contributed
sufficient data for inclusion in one task but not the other.
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Figure 16. Average accuracy in the first half (“early”; green) and second half (“late”; orange) of
fast-mapping test trials for participants with sufficient data for inclusion (in the age range of the

Year 2 time point of the larger study) in the CSL-NV task for autistic children (left) and NT
children (right).



Autistic NT

1.00 A
wn)
<
8 ,
A % ().75 - :
N o p— O
0 =
on = O
= °
H wn
q-ﬁo.so------—.------ ------- - S
S op
s £ -
oA
o,  0.254
o
3
A

0.00 -

L] 1 L] L]
early late early late

168

Figure 17. Average accuracy in the first half (“early”; green) and second half (“late”; orange) of
fast-mapping test trials for participants with sufficient data for inclusion in the CSL+V task for

autistic children (left) and NT children (right).
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Figure 18. Average accuracy in the first half (“early”; green) and second half (“late”; orange) of
fast-mapping test trials for participants with sufficient data for inclusion in the O+V task for
autistic children (left) and NT children (right).
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Appendix A

Novel visual stimuli appearing during training in experimental eye-gaze tasks. Note that each
object or set of objects were given a different novel label in each counterbalanced version (Order
A or Order B) of the task. Taken from the NOUN Database. Some alterations made in Adobe
Photoshop.

CSL-NYV Task:

Hux (Order A) or Zeb (Order B

Tife (Order A) or Jick (Order B)

Jick (Order A) or Tife (Order B) Zeb (Order A) or Hux (Order B)
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CSL+V Task:

Dax (Order A) or Gip (Order B)

Gip (Order A) or Dax (Order B)

Mel (Order A) or Poss (Order B)

Poss (Order A) or Mel (Order B)
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O+V Task:

Dage (Order A) or Shede (Order B)

Juff (Order A) or Lep (Order B)

Lep (Order A) or Juff (Order B)

Shede (Order A) or Dage (Order B)
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Appendix B

Counterbalanced trial orders (Order A and Order B) for each experimental eye-gaze task based
on Venker (2019) with some modifications. Words listed are the novel labels given to the
referents. Images paired with those labels were counterbalanced between Order A and Order B
(see Appendix A). In test trials, target images appeared side-by-side with a distractor image
which had also appeared during training and varied across trials (i.e., target and distractor images
were not yoked).

CSL-NV Task Order A:

Target

Trial | Trial Phase Word 1 Word 2 Sequential | Target Word | Side

1 pre-train car book No

2 pre-train dog book Yes

3 pre-train car dog Yes

4 pre-train book dog No

5 train zeb hux No

6 train tife jick Yes

7 train jick hux Yes

8 train hux zeb No

9 train tife zeb Yes

10 train zeb jick No

11 train jick hux No

12 train hux tife Yes

13 train zeb tife Yes

14 train jick zeb No

15 train jick zeb Yes

16 train hux tife No

17 train hux jick Yes

18 train tife jick No

19 train tife hux No

20 train hux zeb Yes

21 train zeb tife No

22 train tife jick Yes

23 train zeb hux Yes

24 train jick tife No

25 test familiar car L
26 test trained jick R
27 test untrained tife L
28 test_untrained zeb R
29 test trained hux R
30 test_trained tife L
31 test untrained jick R
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32 test untrained hux R
33 test_trained zeb L
34 test familiar book L
35 test trained jick R
36 test untrained tife R
37 test_untrained zeb L
38 test_trained hux L
39 test trained zeb R
40 test_trained tife L
41 test untrained hux R
42 test_untrained jick L
CSL-NV Task Order B:

Target
Trial | Trial Phase Word 1 Word 2 Sequential | Target Word | Side
1 pre-train car dog Yes
2 pre-train car book No
3 pre-train book dog No
4 pre-train dog book Yes
5 train tife hux Yes
6 train zeb jick No
7 train zeb tife Yes
8 train jick tife No
9 train jick zeb No
10 train hux zeb No
11 train jick tife Yes
12 train tife zeb Yes
13 train zeb hux No
14 train jick hux Yes
15 train zeb hux Yes
16 train hux jick No
17 train jick tife Yes
18 train hux zeb Yes
19 train tife jick No
20 train hux tife No
21 train tife zeb No
22 train zeb jick Yes
23 train hux jick Yes
24 train tife hux No
25 test familiar dog L
26 test trained zeb R
27 test trained tife L
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28 test untrained hux R
29 test:untrained jick L
30 test untrained zeb R
31 test_trained hux L
32 test untrained tife R
33 test trained jick R
34 test familiar dog L
35 test trained hux R
36 test_trained zeb L
37 test_untrained jick R
38 test untrained hux R
39 test untrained tife L
40 test untrained zeb L
41 test trained tife R
42 test:trained Jick L
CSL+V Task Order A:

Target
Trial | Trial Type Word 1 Word 2 Sequential | Target Word | Side
1 pre-train ball cup Yes
2 pre-train ball shoe No
3 pre-train shoe cup No
4 pre-train cup shoe Yes
5 train poss dax Yes
6 train mel gip No
7 train mel poss Yes
8 train gip poss No
9 train gip mel No
10 train dax mel No
11 train gip poss Yes
12 train poss mel Yes
13 train mel dax No
14 train gip dax Yes
15 train mel dax Yes
16 train dax gip No
17 train gip poss Yes
18 train dax mel Yes
19 train poss gip No
20 train dax poss No
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21 train poss mel No
22 train mel gip Yes
23 train dax gip Yes
24 train poss dax No
25 test familiar cup L
26 test trained mel R
27 test_trained poss L
28 test untrained dax R
29 test untrained gip L
30 test untrained mel R
31 test trained dax L
32 test untrained poss R
33 test trained gip R
34 test familiar cup L
35 test trained dax R
36 test trained mel L
37 test untrained gip R
38 test untrained dax R
39 test untrained poss L
40 test trained gip L
41 test trained poss R
42 test untrained mel L
CSL+V Task Order B:

Target
Trial | Trial Type Word 1 Word 2 Sequential | Target Word | Side
1 pre-train ball shoe No
2 pre-train cup shoe Yes
3 pre-train ball cup Yes
4 pre-train shoe cup No
5 train poss mel No
6 train gip dax Yes
7 train dax mel Yes
8 train mel poss No
9 train gip poss Yes
10 train poss dax No
11 train dax mel No
12 train mel gip Yes
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13 train poss gip Yes

14 train dax poss No

15 train dax poss Yes

16 train mel gip No

17 train mel dax Yes

18 train gip dax No

19 train gip mel No

20 train mel poss Yes

21 train poss gip No

22 train gip dax Yes

23 train poss mel Yes

24 train dax gip No

25 test familiar ball L
26 test trained dax L
27 test_untrained gip L
28 test_untrained poss R
29 test trained mel R
30 test trained gip L
31 test untrained dax R
32 test untrained mel R
33 test trained poss L
34 test familiar cup L
35 test trained dax R
36 test untrained gip R
37 test untrained poss L
38 test trained mel L
39 test trained poss R
40 test trained gip R
41 test untrained mel L
42 test untrained dax R
O+V Task Order A:

Trial | Trial Type Target Word | Target Side

1 pre-train cup

2 pre-train shoe

3 pre-train ball

4 pre-train cup




5 train dage
6 train juff

7 train dage
8 train juff

9 train lep

10 train juff
11 train dage
12 train shede
13 train lep

14 train shede
15 train juff
16 train shede
17 train dage
18 train lep

19 train dage
20 train juff
21 train shede
22 train lep
23 train dage
24 train shede
25 train lep
26 train dage
27 train juff
28 train shede
29 train juff
30 train lep
31 train shede
32 train juff
33 train dage
34 train lep
35 train Juff
36 train dage
37 train lep
38 train shede
39 train dage
40 train lep

41 train shede
42 train lep
43 train shede

178



44 train juff

45 test familiar cup L
46 test trained juff R
47 test untrained dage L
48 test untrained lep R
49 test trained shede L
50 test untrained juff R
51 test trained lep L
52 test trained dage R
53 test untrained shede R
54 test familiar cup L
55 test untrained lep R
56 test trained juff L
57 test trained shede R
58 test untrained dage L
59 test trained lep R
60 test trained dage R
61 test untrained juff L
62 test untrained shede L
O+V Task Order B:

Trial | Trial Type Target Word | Target Side

1 pre-train ball

2 pre-train cup

3 pre-train shoe

4 pre-train ball

5 train lep

6 train juff

7 train shede

8 train juff

9 train shede

10 train dage

11 train shede

12 train lep

13 train juff

14 train shede

15 train lep
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16 train juff

17 train shede

18 train dage

19 train shede

20 train lep

21 train dage

22 train juff

23 train dage

24 train shede

25 train dage

26 train juff

27 train dage

28 train shede

29 train lep

30 train Juff

31 train lep

32 train dage

33 train lep

34 train dage

35 train Juff

36 train dage

37 train juff

38 train lep

39 train Juff

40 train lep

41 train shede

42 train dage

43 train lep

44 train shede

45 test familiar ball L
46 test trained juff R
47 test untrained shede L
48 test untrained dage R
49 test trained lep R
50 test trained shede L
51 test untrained juff R
52 test untrained lep R
53 test trained dage L
54 test familiar shoe L
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55 test untrained shede R
56 test untrained dage L
57 test trained juff R
58 test trained lep L
59 test trained dage R
60 test trained shede R
61 test untrained lep L
62 test untrained juff L
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