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Abstract: It has been proposed that a deficit in statistical learning contributes to problematic language 
acquisition in children with developmental language disorder (DLD), but at the same time the nature 
and extent of this relationship is not clear. This paper focuses on the role of statistical learning in lex-
ical-semantic development by investigating visual distributional learning of novel object categories in 
children with and without DLD and its relation to vocabulary knowledge. Distributional learning is a 
form of statistical learning and entails the learning of categories based on the frequency distribution 
of variants in the environment. Fifty children (25 DLD, 25 TD) were tested on a visual distributional 
learning task. Results indicate that children can learn novel object categories on the basis of distribu-
tional information. We did not find evidence for a deficit in visual distributional learning in children 
with DLD. To investigate whether visual distributional learning ability is related to vocabulary 
knowledge, the children with DLD were tested on different measures of vocabulary. Phonological pro-
cessing ability and non-verbal intelligence were taken into account as control variables. Multiple linear 
regression analyses did not reveal evidence for a relationship between distributional learning and vo-
cabulary in DLD.  
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Introduction 
 
Most children acquire their native language(s) without many major difficulties, but 
this is different for children with developmental language disorder (henceforth: 
DLD). These children do not present major neurological deficits, hearing disabilities 
or low overall intelligence, nor is a lack of language input the underlying problem. 
DLD occurs in approximately 7% of school-aged children (Bishop, 2006), and the 
problems often last into adulthood. Social–emotional difficulties occur in this group 
as well: individuals with DLD have greater risk of depression disorders (Westby, 2019) 
and even have a lower quality of life compared to typically developing peers (Eadie et 
al., 2018).  
 
Morphosyntactic impairments are viewed as a hallmark of DLD, while lexical abilities 
are often seen as a relative strength (e.g. Ullman & Pierpont, 2005). However, there is 
ample clinical evidence for a disadvantage in lexical skills as well (for reviews: 
Brackenbury & Pye, 2005; Nation, 2014). Recently, researchers have proposed that an 
impairment in statistical learning, a learning ability that is important for the discov-
ery of patterns and sequences in sensory input (Siegelman et al., 2017), contributes to 
the language difficulties in children with DLD (Arciuli & Conway, 2018; Hsu & Bishop, 
2010; Saffran, 2018). Experimental results suggest that a deficit in statistical learning 
(partly) explains lexical deficits (Evans et al., 2009; Mainela-Arnold & Evans, 2014), 
but the relationship between statistical learning and the development of lexical 
knowledge, especially lexical-semantic knowledge, requires more investigation. 
 
Distributional learning, which plays a role in the categorization of sensory stimuli 
such as speech sounds (Maye et al., 2008; Maye et al., 2002) and novel visual objects 
(Junge et al., 2018) has never been investigated in children with DLD. Categorizing 
novel visual stimuli might be an important skill that is required when mapping new 
words to new objects. In our study we aim to investigate if this type of visual distribu-
tional learning is affected in children with DLD, and whether this ability relates to 
different types of lexical(-semantic) knowledge. 
 

Background 
 
Statistical learning deficit hypothesis 
 
Although the main aspect of DLD is problematic language acquisition, children with 
DLD experience difficulties outside the linguistic domain as well. For example, there 
is evidence for deficits in motor skills (Sanjeevan & Mainela-Arnold, 2019), working 
memory (Montgomery et al., 2010), attention (Ebert & Kohnert, 2011) and processing 
visual information (Collisson et al., 2015). These findings have led to the idea that a 
deficit in a more general learning mechanism might be at the core of the disorder, as 
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opposed to an impairment specific to linguistic representations (Arciuli & Conway, 
2018; Hsu & Bishop, 2010).  
 
Statistical learning is such a learning mechanism (Siegelman, 2020). Statistical learn-
ing underlies the extraction of regularities and patterns from sensory input and has 
been shown to correlate with or predict language ability in children and adults (Con-
way et al., 2010; Ellis et al., 2014; Hamrick et al., 2018; Kaufman et al., 2010; Kidd & 
Arciuli, 2016; Kidd, 2012; Misyak et al., 2010; Newman et al., 2006; Shafto et al., 2012; 
Spencer et al., 2015).  
 
Results from several studies point towards a disadvantage in different types of statis-
tical learning in individuals with DLD (Evans et al., 2009; Haebig et al., 2017; Hsu & 
Bishop, 2010; Hsu et al., 2014; Lammertink et al., 2019; Lian, 2017; Lukács & Kemény, 
2014; Lum et al., 2014; Mainela-Arnold & Evans, 2014; Obeid et al., 2016; Plante et al., 
2002; Tomblin et al., 2007); for a review see Saffran (2018). Please note that null results 
(Aguilar & Plante, 2014; Noonan, 2018) and even evidence of intact statistical learning 
in children with DLD (Lammertink et al., 2020) have also been reported. Importantly, 
several meta-analyses point to a statistical learning deficit in children with DLD (Lam-
mertink et al., 2017; Lum & Conti-Ramsden, 2013; Obeid et al., 2016). Moreover, stud-
ies have suggested that statistical learning ability is related to different types of lan-
guage skills in children with DLD: for example grammatical ability (Hedenius et al., 
2011; Misyak et al., 2010; Tomblin et al., 2007) and lexical skills (Evans et al., 2009; 
Mainela-Arnold & Evans, 2014). Thus, accumulated evidence indicates that children 
with DLD are compromised in their statistical learning ability, which might (partly) 
explain their problematic language acquisition. 
 
Lexical difficulties in children with DLD 
 
Children with DLD may have difficulty with several aspects of language acquisition, 
such as vocabulary, morphology, syntax and phonology, and there is a large amount 
of heterogeneity within this population (Bishop, 2006; Leonard, 2014). Many studies 
have focused on morphosyntactic difficulties, for example a child saying she walk in-
stead of she walks. However, these children also show evident difficulties in the de-
velopment of lexical knowledge (Brackenbury & Pye, 2005; Nation, 2014). Research 
indicates that lexical difficulties impact social and academic development (Aguilar et 
al., 2017). 
 
Studies suggest that children with DLD have a smaller vocabulary size and more shal-
low knowledge of words relative to TD children (McGregor et al., 2013). For example, 
they make semantic substitutions (confusing towel and blanket) and use more “all-
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purpose verbs” like go instead of more specific verbs like run, skip, sail, swim, etc. 
When naming objects, they are slower and make more phonological and semantic 
errors (Dockrell et al., 2001; Lahey & Edwards, 1999; Leonard et al., 1983; McGregor 
et al., 2002; McGregor, 1997). These errors reflect impoverished semantic representa-
tions. Dockrell et al. (2003) tested semantic knowledge of children with word-finding 
difficulties, and found that they provide less accurate definitions of objects and ac-
tions: their definitions often contained less information about the semantic category 
of an object, and more perceptual and redundant information compared to TD chil-
dren. Moreover, compared to controls, children with DLD provide poor, incomplete 
definitions of common words (Mainela-Arnold et al., 2010; Marinellie & Johnson, 
2002), and provide fewer semantic details in drawings (McGregor & Appel, 2002; 
McGregor et al., 2002).  
 
On word association tasks, which are viewed as a measure of lexical-semantic organ-
ization, children with DLD produce fewer semantically related words than TD peers 
(Drljan & Vuković, 2019; McGregor et al., 2012; Sandgren et al., 2020; Sheng & 
McGregor, 2010). A less efficient lexical organization could have a negative effect on 
subsequent vocabulary development (Beckage et al., 2010). Finally, children with 
DLD also show difficulties on word learning tasks, both with learning phonological 
and semantic properties of words (Alt & Plante, 2006; Kan & Windsor, 2010; Nash & 
Donaldson, 2005) and fast mapping (Haebig et al., 2017; Kapa & Erikson, 2020).  
 
Thus, children with DLD have lexical difficulties that go beyond word access, word 
retrieval and the phonological representations of words, pointing to suboptimal se-
mantic representations. Little is known about the underlying cause of lexical-seman-
tic deficits in children with DLD. Often put forward as a possible cause is poor pho-
nological short-term memory, which is considered an important prerequisite for vo-
cabulary acquisition (Melby-Lervåg et al., 2012). There is extensive evidence of defi-
cits in phonological short-term memory and verbal working memory in children with 
DLD (for a review, see Montgomery et al., 2010). Phonological short-term memory is 
often measured using a non-word repetition (NWR) task. Studies show that perfor-
mance on NWR tasks correlates with word-learning skills in TD children (Gathercole 
et al., 1997) and in children with DLD (Alt & Plante, 2006).  
 
The causal direction of the relationship between phonological short-term memory 
and word learning is not clear. Difficulties with phonological processing might lead 
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to poor phonological representations of words, which in turn may have a negative 
influence on the building of strong semantic representations. Indeed, NWR ability 
predicts vocabulary in young children between 4 and 5 years, but this relationship 
gets weaker in older children between 6 and 8 years (Gathercole et al., 1992; Gather-
cole, 2006). Furthermore, it has been found that vocabulary size is an important pre-
dictor of NWR ability, which could be explained as follows: as vocabulary size grows, 
phonological representations strengthen, which would improve non-word repetition 
ability (Metsala, 1999). Other studies fail to find evidence for a causal relationship be-
tween NWR ability and vocabulary. For example, Melby-Lervåg et al. (2012) carried 
out a large longitudinal study and did not find evidence for a causal relationship be-
tween NWR skills and vocabulary development in 4 to 7-year-old children. The au-
thors also re-analyzed data from a similar longitudinal study (Gathercole et al., 1992), 
and failed to find the causal relationship that the authors of the original study had 
claimed. Finally, intervention studies have failed to find an effect of phonological 
memory-training on vocabulary knowledge (Melby-Lervåg et al., 2012: Dahlin et al., 
2008, Schmiedek et al., 2010). Thus, although the difficulties in phonological pro-
cessing in DLD are well-established, the role they play in vocabulary development 
remains unclear.  
 
Statistical learning and the development of the lexicon 
 
To summarize, a large body of studies points towards an important role for statistical 
learning in the acquisition of language. In children with DLD, the ability of extracting 
regularities from input seems to be affected, which could explain their language def-
icits. In this section we discuss the relationship between statistical learning and the 
development of the lexicon. Specifically, we look at the link between statistical learn-
ing and lexical-semantic knowledge.   
 
Children with better statistical learning skills often have a larger vocabulary (Spencer 
et al., 2015), and Shafto et al. (2012) and Ellis et al. (2014) report a predictive relation-
ship between TD infants’ performance on a visual statistical learning task and their 
vocabulary size at a later point in time. In another longitudinal infant study, Singh et 
al. (2012) found that statistical learning ability in a word segmentation task at 7 
months predicts productive vocabulary at 24 months.  
 
Evidence also suggests a relationship between statistical learning and vocabulary in 
children with DLD. Evans et al. (2009) reported a correlation between statistical learn-
ing ability and vocabulary knowledge and claimed that lexical impairments might be 
explained by statistical learning difficulties. In another study, Mainela-Arnold and 
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Evans (2014) report a significant correlation between statistical learning ability on a 
word segmentation task and performance on a lexical-phonological access task. Dur-
ing this forward gating task, children heard increasingly longer parts of a word and 
had to guess which word they heard. On the other hand, no evidence was found for a 
relationship between statistical learning and performance on a word definition task. 
The authors suggest (from a comparison of their two p-values) that statistical learning 
underlies the acquisition of sequential lexical-phonological knowledge, but that lexi-
cal-semantic abilities might depend on other learning/memory systems. 
 
The link between statistical learning and lexical-semantic knowledge requires further 
investigation. In the study of Mainela-Arnold and Evans (2014), the status of a poten-
tial relation cannot be concluded from comparing a null result with a statistically sig-
nificant result. Moreover, they used a word definition task to measure lexical-seman-
tic knowledge, which requires very explicit semantic knowledge. It could be the case 
that statistical learning is related to more implicit forms of semantic knowledge. Fur-
thermore, statistical learning in this and many other studies was measured using a 
word segmentation task. It is not unexpected that this type of sequential statistical 
learning contributes to lexical-phonological knowledge due to the nature of the task. 
However, as Mainela-Arnold and Evans (2014) also state, it is possible that other types 
of (non-sequential) statistical learning that were not taken into account play a role in 
the building of a semantically rich lexicon.  
 
Statistical learning mechanisms indeed seem to be sensitive to semantic information 
(see Paciorek & Williams (2015) for a review). For example, the mapping of newly 
learned words to their corresponding referents is suggested to be a gradual statistical 
learning process named cross-situational learning, which entails the (implicit) track-
ing of co-occurrences between words and their visual referents (Kachergis et al., 2014; 
Smith & Yu, 2008; Suanda et al., 2014; Yu & Smith, 2011). In another strand of re-
search, Goujon (2011) showed that adults implicitly learn that the semantic categories 
of real-world scenes predict the position of the following target in a visual search task, 
indicating that semantic information is processed automatically and can be facilitated 
to make unrelated decisions. Similarly, Rogers et al. (2020) report that higher-order 
categories influence the learning of visual statistical regularities: people learn im-
plicit mappings between visual stimuli better when the stimuli belonged to the same 
category rather than two different categories. 
 
An important phenomenon in the development of the lexicon is shape bias. This en-
tails the tendency for children to extend the use of newly learned object names to 
objects that share the same shape with the original object rather than the same color 
or size. The emergence of this shape bias might depend on statistical learning mech-
anisms: if children pick up the regularity that early learned object categories often 
share the same shape, they learn to consider shape as an important cue when learning 
new object labels. Results from a novel object name learning experiment of Collisson 
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et al. (2015) indicate that 3-to-4-year-old children with DLD do not show shape bias to 
a similar extent as TD children. Moreover, children with DLD perform more poorly 
on a task that measures visual paired-associate learning, and this performance pre-
dicts the strength of their shape bias. This finding suggests that an impairment in vis-
ual statistical learning might underlie the lagging development of shape bias in these 
children, which in turn may hinder their lexical development. 
 
Another process in the development of the lexicon that could be supported by statis-
tical learning mechanisms is learning to categorize and name the enormous number 
of different objects in the visual world. For example, a child needs to learn which 
round fruits are called apples and which ones are called peaches. Studies point out 
that infants automatically track the co-occurrence of visual features of objects in vis-
ual statistical learning tasks (Wu et al., 2011, 2010). This ability of learning which ob-
ject features co-occur and which do not, plays an important role in learning about 
visual categories (Palmeri & Gauthier, 2004). Similarly, Younger (1985) and Plunkett 
et al. (2008) showed that statistical learning may underlie semantic category learning, 
as infants learn object categories based on the co-occurrence of features. 
 
Distributional learning 
 
A specific type of non-sequential statistical learning, distributional learning, plays a 
role in the formation of new categories as well. Maye et al. (2002) showed that infants 
can pick up speech sound categories based on the frequency distribution of speech 
sound exemplars. Their infants were exposed to variants from the /ta/-/da/ contin-
uum. The distribution of the variants was either bimodal or unimodal: in the bimodal 
condition there were two distributional peaks, reflecting two distinct sound catego-
ries /t/ and /d/, while in the unimodal condition there was only one peak reflecting 
one broad category. After familiarization it was tested whether the infants could dis-
criminate the endpoint tokens of the continuum. Maye et al. found that only their 
participants in the bimodal condition had statistically significantly formed two dis-
tinct categories, as they were able to discriminate the two endpoint tokens, while in-
fants in the unimodal condition did not reach significance. This result indicated to 
Maye et al. that infants can learn phonetic categories based on distributional infor-
mation. Although Maye et al.’s claim was based on a p-value comparison (a direct 
comparison between the two groups gave a non-significant p-value of 0.063), together 
with later findings of distributional learning of sound categories (Escudero et al., 
2011; Hayes-Harb, 2007; Maye et al., 2008; Vandermosten et al., 2019; Wanrooij et al., 
2014) the results point towards a distributional learning mechanism underlying bot-
tom-up categorization of speech sounds.  
 
More recent studies have shown that distributional learning mechanisms also play a 
role in the visual domain, for example in categorizing new faces. In the study of Alt-
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vater-Mackensen et al. (2017), infants were subjected to a familiarization phase in ei-
ther a unimodal or a bimodal condition. They saw tokens from a continuum that was 
created from two female faces. After familiarization, results from a discrimination 
task indicated that infants in the bimodal condition form two distinct categories of 
faces, while infants in a unimodal condition form one broad category. The same re-
sult has been shown in a novel visual object category learning experiment (Junge et 
al., 2018): infants in the bimodal condition showed better discrimination of two end-
point tokens than infants in the unimodal condition. Distributional learning thus 
seems to be important for the categorization of different types of sensory stimuli: 
speech sounds, faces and novel objects. To our knowledge, children with DLD have 
never been tested on such distributional learning tasks. In the current study we aim 
to investigate whether these children have a deficit in visual distributional learning 
and whether this ability correlates with their lexical-semantic knowledge, as a less-
ened sensitivity to regularities in object categories could contribute to their problems 
in building strong semantic representations. 
 

The current study 
 
Children with DLD have previously displayed difficulties with verbal and visual sta-
tistical learning which could hinder their ability to pick up language efficiently. In-
deed, statistical learning ability correlates with or even predicts different types of lin-
guistic skills, such as lexical skills. However, the relationship between statistical 
learning and the development of vocabulary skills in children with and without DLD 
is not well understood. In the current study we want to explore this relationship fur-
ther by investigating visual distributional learning and its relation to vocabulary in 
children with and without DLD. 
 
Our first research question was: are children with DLD less sensitive to distributional 
cues compared to TD children when learning novel visual object categories in an ex-
periment? Distributional learning has never been investigated in individuals with 
DLD, but one study shows that distributional learning of speech sounds is impaired 
in children with dyslexia (Vandermosten et al., 2019). Developmental dyslexia and 
DLD are distinct but overlapping disorders (Snowling et al., 2020) and together with 
previous evidence showing that both verbal and visual statistical learning is impaired 
in children with DLD, we expected that they show less proficiency in visual distribu-
tional learning as well. 
 
Our second research question was: Does the ability of visual distributional learning 
contribute to lexical knowledge in children with DLD? The underlying cause of the 
lexical-semantic difficulties in this group is not clear. There is extensive evidence for 
problems with phonological short-term memory, but this does not seem to be an ad-
equate explanation. We expected that visual distributional learning contributes to 
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these lexical-semantic difficulties, as it could be important for learning semantic in-
formation about (the use of) words, object categories and how to map words to ob-
jects. Difficulties with processing visual patterns in the environment might result in 
problems with building a semantically rich lexicon.  
 
To answer our research questions we constructed a visual distributional learning task 
based on Junge et al. (2018) to test novel object categorization in children with and 
without DLD. Moreover, we measured lexical knowledge comprehensively in the chil-
dren with DLD: besides productive and receptive vocabulary size, we tapped the or-
ganization of the lexicon and the knowledge of relationships between con-
cepts/words. Finally, we control for variation in phonological processing, as children 
with DLD are known to have difficulties with this ability and because it is probably 
related to lexical knowledge. We also controlled for variation in non-verbal intelli-
gence. 
 
Wanrooij et al. (2015) discuss potential pitfalls in the typical design employed when 
comparing a unimodal with a bimodal familiarization phase in distributional learning 
tasks. We therefore adapted a different design. In the usual design there might be a 
confounding factor at play: besides the number of distributional peaks in the input, 
the spreading of variants (or dispersion) also differs between conditions. This differ-
ence might result in easier discrimination of endpoint tokens for individuals who had 
been familiarized with the bimodal condition, as spreading of the variants is higher 
in that condition. Chládkova et al. (2020) designed a (auditory) distributional learning 
task that tackled this problem: they constructed two bimodal learning conditions 
which differed in the position of the distributional peaks, ensuring that spreading of 
the variants was not different in the two conditions. We applied this design to the vis-
ual distributional learning task of Junge et al. (2018). 
 
 

Method 
 
Participants 
 
27 children diagnosed with DLD participated in our research. One child did not finish 
the statistical learning task and another child was removed because of bilingualism, 
resulting in a final sample of 25 children with DLD (17 male, 8 female) between the 
ages of 7;2 and 9;3 (years;months). For the control group we used previously collected 
data from a study in which TD children were tested on the same task (Broedelet et al., 
2021).1 We selected 25 children (15 male, 10 female) from a larger sample that 

 
1 We had planned to test a new group of TD children matched to the DLD group. Unfortunately, we 
were unable to administer the tests as all primary schools in the Netherlands were closed from March 
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matched the DLD group best regarding age and gender. Their ages varied between 7;6 
and 8;9. Age did not differ significantly between groups (TD age in months M = 97.64, 
SD = 4.99, DLD age in months M =  96.56, SD = 6.49), as tested with a two-sample t-test: 
t = 1.864, p = 0.063.  
 
The children with DLD were recruited via different institutions in the Netherlands: 
Pento, Royal Dutch Auris Group and VierTaal. All children had been officially diag-
nosed with DLD by a professional clinician and were included if they met the standard 
DLD inclusion and exclusion criteria used within the institution. All children met the 
following criteria: they scored at least 1.5 standard deviations below the age norm on 
at least two of the four language domains (speech, auditory processing, grammar, lex-
ical-semantic development), tested with standardized tests like the CELF; their lan-
guage disorder was not secondary to a physiological or neurological disorder such as 
ASD, ADHD or hearing difficulties; they did not have a severe form of dyspraxia and 
at least one of their caretakers had acquired Dutch as a native language. Data from 
one child was removed because he was growing up bilingually and answered multiple 
questions on a vocabulary task in English.  
 
The TD children were recruited via two primary schools in the Netherlands and met 
the following criteria: they had not been diagnosed with hearing difficulties, language 
disorders, dyslexia, ADHD or ASD and had at least one caretaker that was a native 
speaker of Dutch. Our study was approved by the Ethical Committee of the Faculty of 
Humanities of the University of Amsterdam. The parents/caretakers of all children 
filled in an informed consent form prior to their participation.  
 
To get a general estimate of the language ability in our DLD subgroup, we adminis-
tered the Sentence Recalling subtask from the CELF (Clinical Evaluation of Language 
Fundamentals: Core Language Scales, Dutch version; Semel et al., 2010). In this task, 
children are asked to repeat sentences of increasing complexity, measuring their 
morphosyntactic abilities. The Raven Progressive Matrices task was administered to 
measure non-verbal intelligence (Raven, et al., 2003). One of the children could not 
finish the Sentence Recalling task due to time constraints. The children’s scores (raw, 
percentile and if available norm and age-equivalent scores) on these two tasks are 

 
to June 2020 due to the outbreak of COVID-19. After the reopening of the schools many restrictions still 
applied, making it impossible to enter schools for testing participants. We therefore decided to use a 
subset of an already collected dataset as control data. This dataset was previously used for an article 
about visual distributional learning in TD children (Broedelet et al., 2021). The decision to use previ-
ously collected data was taken only because of this circumstance, and not because we found a signifi-
cant effect in this group and deemed it sufficient to use this data. As a result of this reuse, the control 
group, unlike the DLD group, was not tested on the background tasks measuring vocabulary, morpho-
syntactic skills, phonological processing and non-verbal intelligence. This means the control group 
could unfortunately not be matched on vocabulary skills to the DLD group. 
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shown in Table 1. The children with DLD had low scores on the Sentence Recalling 
task and performed on average 50 months below their age level, confirming that our 
sample indeed had difficulty with language acquisition, while they scored within the 
average range on non-verbal intelligence. This discrepancy between language skills 
and non-verbal cognitive skills is typical for children with DLD. 
 
 
 
 
Table 1 – Scores of the children with DLD on the sentence recalling and non-verbal 
intelligence task. 
 

Task Raw scores 
Norm 
scores 

Percentile 
scores 

AES Diff. 

Sentence Re-
calling (N=24) 

4 .. 42 
M = 18.46 
SD = 9.27  

1 .. 8 
M = 3.58 
SD = 2.02  

0.1 .. 25 
M = 4.07 
SD = 6.37  

36 .. 83 
M = 45.79 
SD = 13.05 

-68 .. -21 
M = -50.46 
SD = 14.43 

Raven’s progres-
sive Matrices 

11 .. 38 
M = 23.24 
SD = 7.41 

 
5 .. 95 

M = 41.04 
SD = 26.25 

  

Notes: AES = Age-equivalent score (months). Diff. = Difference AES and chronological age. The chrono-
logical age (months) is subtracted from the age equivalent score (months). A negative value means that 
the age-equivalent score was lower than the actual age (M = 96.56, SD = 6.61, range 86 - 111). Scale used 
for interpreting percentile scores: 0-3 Very low, 3-10 Low, 10-16 Below average, 16-84 Average, 84-90 
Above average, 90-98 High, 98-100 Very high. The Sentence Recalling percentile score is in the low range; 
the Raven’s percentile score is in the average range. 

 
Stimuli and design distributional learning task 
 
The design of this experiment follows Junge et al. (2018) and Chládkova et al. (2020), 
and was previously reported in Broedelet et al. (2021). The aim of our experiment was 
to measure whether the frequency distribution of tokens along a continuum influ-
enced categorization of those tokens. To this end we constructed an 11-step contin-
uum by morphing two pictures in equal steps using the Sqirlz 2.1 software (Xiber-
pic.com). We obtained permission to use the pictures of two cuddly toys from Giant 
Microbes (www.giantmicrobes.com) that were also used in the study of Junge et al. 
(2018). See Figure 1.  
 

Figure 1 - Novel object continuum used in the experiment. 
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In the familiarization phase of the experiment, stimuli from the continuum were pre-
sented to the children. Two different between-participant familiarization conditions 
were constructed (see Figure 2). Both conditions contained a bimodal distribution, 
but the conditions differed concerning the position of the peaks in the continuum. 
Three of the 11 tokens, which were all equally frequent in both conditions, were used 
to measure categorization in the test phase: 6, 4 and 8, hereafter referred to as S 
(standard), D1 (deviant 1) and D2 (deviant 2).  
 
In Condition 1 (Figure 2, blue line), token S and token D2 belonged to the same peak, 
while token 5 was shown less frequently, creating the perception of a category bound-
ary. In Condition 2 (Figure 2, orange line), token S and token D1 belonged to the same 
peak and token 7 was shown less frequently. Our hypothesis was that our participants 
would learn that tokens in one distributional peak belong to one category while to-
kens from different peaks belong to two different categories. Therefore we predicted 
that children in Condition 1 learn that tokens S and D2 belong to one category while 
children in Condition 2 learn that tokens S and D1 belong to one category. 
 
Children were shown 12 blocks of 24 stimuli each (288 stimuli in total), as well as 2 
filler stimuli per block (see Figure 4). In each block, the tokens of the continuum were 
presented one by one following the frequency distribution shown in Figure 2, in a 
randomized order. Each stimulus was shown for 800 ms and the interstimulus interval 
was 200 ms (based on the results of Turk-Browne et al. (2005) and Arciuli & Simpson 
(2011)). Stimuli were shown against a gray background (see Figure 3). A cover task 
was added to the task to make it more engaging: the filler stimuli jumped across the 
screen and children were instructed to click on them as fast as possible.  
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Figure 2 - Familiarization conditions in the experiment. In Condition 1 (blue line), 
tokens S and D2 belong to one distributional peak while D1 lies in another peak. On 
the other hand, in Condition 2 (orange line), tokens S and D1 belong to one distribu-
tional peak while D2 lies in another peak. We hypothesize that participants in Condi-
tion 1 will learn that S and D2 belong to one category and thus will look more alike 
than S and D1, and the reversed for participants in Condition 2. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3 – A familiarization trial. 
 

 
 
 
 
 
 
 

Figure 4 – Stimuli that were used as fillers/cover task. 
 
Categorization was tested after familiarization using AXB-type questions. Children 
were asked to choose whether stimulus D1 or D2 looked more like stimulus S. In the 



 Language Development Research  
 
 
 
 
 

Volume 3, Issue 1, 31 December 2023 
 

15 

eight questions, stimulus S was shown above a white stripe and stimuli D1 and D2 
were shown below the stripe (see Figure 5). The position of D1 and D2 (left/right) was 
counterbalanced. Four filler questions were included to add some variation to the test 
phase, as well as a practice question. For these questions the stimuli that functioned 
as fillers in the familiarization phase were used and there was a clearly correct an-
swer. The test phase was identical for every child, except that the order of the test 
questions was randomized. We hypothesized that children that underwent Condition 
1 of the familiarization phase would choose stimulus D2 more often than children in 
Condition 2. This effect of Condition would be considered a learning effect. 
 

Figure 5 – A test question and filler/practice question. 
 
Measures of vocabulary, phonological processing, non-verbal intelligence and so-
cio-economic status 
 
To investigate the relationship between visual distributional learning and lexical 
skills in children with DLD2, we administered several subtests of the CELF (Active Vo-
cabulary, Word Classes 1 or 2 (depending on the age of the child) and Word Associa-
tions, as well as the Peabody Picture Vocabulary Task (PPVT; Schlichting, 2005). The 
tasks were used as measures of receptive and productive vocabulary size (PPVT, Ac-
tive Vocabulary), the ability to find and express semantic relations between 
words/concepts (Word Classes 1 and 2) as well as the ability to name words of a se-
mantic category as an indicator of lexical-semantic organization (Word Associations). 
See Table 2 for more information about the vocabulary tasks.  
 
As control tasks, the children were tested on phonological short-term memory using 
the digit span task Number Repetition 1 from the CELF, on verbal working memory 

 
2 Our original plan was to investigate this relationship in both groups of children. Unfortunately, as is 
mentioned in our first footnote, we were not able to test the TD children on these tasks. 
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using the Number Repetition 2 task (digit span backwards) from the CELF and on ver-
bal short-term memory using the non-word repetition task (Rispens & Baker, 2012). 
Moreover, performance on the Raven Progressive Matrices task was used as a control 
variable for non-verbal intelligence. See Table 3 for more information about the con-
trol tasks. Finally, as socio-economic status (SES) may play a role in vocabulary devel-
opment (e.g. Hoff, 2003), we took the SES of the children into account using a database 
from Sociaal en Cultureel Planbureau (2018). In this database, socio-economic scores 
are computed on the basis of the average education level and income in a particular 
zip code. The SES scores are based on the home addresses of the children.  
 
Table 2 – Vocabulary measures administered to the children with DLD. 
 

Construct Task Description Scoring 
Score 
range 

Vocabulary 
size 

Receptive 
vocabulary 

(PPVT) 

Children heard a word 
and had to point to one of 

the four pictures. 

Correct: 1 point 
Incorrect: 0 points 

0 .. 204 

Vocabulary 
size 

Productive 
vocabulary 

(CELF) 

Children saw a picture 
and had to name it. 

2 points for a correct 
answer, for some 

items there were 1-
point answer possibili-

ties 
 

0 .. 56 

Semantic 
knowledge 

Word Classes 1 
(7 y.o. children) 

(CELF) 

Children had to choose 
which two out of 

three/four pictures were 
related and why. 

1 point for choosing 
the correct picture, 1 
point for expressing 
the relationship cor-

rectly 
 

0 .. 38 

Semantic 
knowledge 

Word Classes 2 
(8+) 

(CELF) 

Children had to choose 
which two words out of 
four were related and 

why. 

1 point for choosing 
the correct word, 1 

point for expressing 
the relationship cor-

rectly 

0 .. 40 

Lexical-se-
mantic 

organiza-
tion 

Word Associations 
(CELF) 

Children had to name as 
many words as they could 

in a semantic category: 
food, clothes and 

professions. 

1 point for every re-
lated word 

0 .. ∞ 
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Table 3 – Control measures administered to the children with DLD. 
 

Construct Task Description Scoring 
Score 
range 

Verbal short-term 
memory 

Digit span 
forwards 

Children had to re-
peat strings of 

number increasing 
in length. 

Correct: 1 point 
Incorrect: 0 points 

0 .. 16 

Verbal working 
memory 

Digit span 
backwards 

Children had to re-
peat strings of 

number backwards 
increasing in 

length. 

Correct: 1 point 
Incorrect: 0 points 

0 .. 14 

Phonological short-
term memory 

Non-word 
repetition 

Children had to re-
peat non-words. 

Correct: 1 point 
Incorrect: 0 points 

0 .. 22 

Non-verbal 
intelligence 

Raven Progressive 
Matrices 

Children had to 
complete a visual 

pattern. 

Correct: 1 point 
Incorrect: 0 points 0 .. 60 

 
 
Procedure 
 
Testing took place in a quiet room in the school or in the home of the child. The dis-
tributional learning experiment was run on a laptop computer using E-Prime 3.0 (Psy-
chology Software Tools, Pittsburgh, PA). Children wore headphones. We had rec-
orded the instructions in advance, in a child-directed manner. Before the experiment 
started, the children were instructed to look at the images on the screen and click on 
moving images as fast as they could if they saw one. They were told to watch carefully 
as there would be questions about the images later on, but the type of questions was 
not specified. The experiment started when the child confirmed that s/he understood 
the task. Familiarization condition was counterbalanced between participants. There 
was a short break halfway the familiarization phase and the child could indicate when 
s/he wanted to continue. The test phase started immediately after the familiarization 
phase with a practice question. Children were instructed to carefully look at the image 
above the white stripe, and to indicate which of two images below the stripe they 
thought looked more like the upper image. The experimenter repeated the question 
while pointing out the images. The experiment had a total duration of approximately 
10 minutes.  
 
Besides the distributional learning task, the children with DLD did two other statisti-
cal learning tasks (results are not discussed in this paper) as well as the aforemen-
tioned background tasks. For those children, testing was divided over two separate 
test sessions on different days; the second session usually took place within a few days 



 Language Development Research  
 
 
 
 
 

Volume 3, Issue 1, 31 December 2023 
 

18 

or one week. The order of the tasks within the sessions as well as the order of the 
sessions was counterbalanced across participants. Each test session took approxi-
mately 50 to 60 minutes. 
 

Results 
 
Split-half reliability distributional learning task 
 
Split-half reliability was computed as a measure of reliability of the distributional 
learning task. Two separate generalized mixed effect models were run with only the 
odd or even test items included. Then, the correlation between the answers to even 
and odd test items was computed, using the random slopes of the intercept for the 
even/odd test items. After the application of the Spearman-Brown correction, the 
split-half reliability of the task turned out to be r = 0.73 (95% CI 0.52 .. 0.85), approach-
ing the value of r = 0.80 which is considered the standard that reliable tests should 
meet (Nunnally & Bernstein, 1994). 
 
 
Group comparison distributional learning task3 
See Table 4 and Figure 6 for the descriptive data. As a first step in our analysis, we 
removed all practice and filler items from the data. A generalized mixed effect model 
was run with the package lme4 (Bates et al., 2015) in R (R Core Team, 2020) to test 
whether familiarization condition and participant group influenced categorization. 
The choice for stimulus D2 (which could either be 1 or 0) was the dependent variable. 
Between-participant predictors were Condition (Condition 1 or 2), Group (TD or DLD) 
and Age (in months). PositionD2 was a within-participant predictor reflecting the po-
sition of token D2 (left or right) that varied between test items. We chose the maximal 
model that is still correctly computable and that keeps all its included predictors and 
interactions reportable (by including random slopes for all within-participant predic-
tors and interactions). The model includes main effects for Condition, Group, Age and 
PositionD2, all two- and three-way interactions between Condition, Group and Age as 
well as the simple interaction between Condition and PositionD2. Moreover, we in-
cluded random intercepts by participant as well as by-subject random slopes for Po-
sitionD2. Sum-to-zero orthogonal coding (Kraemer & Blasey, 2004) was applied to the 
predictors Condition (-½  for Condition 2 and +½  for Condition 1), Group (-½  for DLD 
and +½  for TD) and Position D2 (-½  for right and +½  for left). The predictor Age was 
centered by subtracting its average. 
 
We predicted that if children are sensitive to the distributional cues in the familiari-
zation phase, our children in Condition 1 would prefer the combination S + D2, while 

 
3 The TD children of whom results are reported here are a subgroup of the sample reported in Broedelet 
et al. (2021). 
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our children in Condition 2 would prefer the combination S + D1 - in other words, a 
stronger preference for D2 in Condition 1 than Condition 2. This could manifest as a 
significant effect of Condition on the dependent variable. Moreover, we expected that 
our children with DLD would be less sensitive to the distributional cues in the famil-
iarization phase than our TD children, which could manifest as a significant interac-
tion between the effects of Condition and Group on the dependent variable, indicating 
that the Condition effect is not equally strong in the two subpopulations. 
 
Confirmatory results 
In our sample, as determined by our model, Condition influenced the choice for stim-
ulus D2: children in Condition 1 were 4.04 times more likely to choose stimulus D2 
than children in Condition 2, and this effect was significantly above 1: z = 2.758, p = 
0.006, 95% CI 1.497 .. 10.9. This is in line with our prediction and indicates that school-
aged children can learn novel visual object categories based on distributional proper-
ties. Our second prediction is not confirmed: although the effect of Condition was 
1.007 times stronger in the TD group compared to the DLD group, this interaction 
between Condition and Group was not significantly above 1: z = 0.007, p = 0.994, 95% 
CI 0.15 .. 6.8. We thus cannot conclude anything about a difference in distributional 
learning in children with DLD compared to TD children: the confidence interval tells 
us that children with DLD could be up to 6.7 times better or 6.8 times weaker on the 
visual distributional learning task than TD children. We therefore cannot conclude 
whether children with DLD do or do not have a distributional learning deficit.  
 
Exploratory results 
To explore whether children with DLD show a distributional learning effect, we ran a 
separate model which only included the children with DLD. This model included the 
main effects for Condition, Age and PositionD2 as well as all three-way interactions 
between those predictors. According to the model, our children with DLD in Condi-
tion 1 were 3.75 times more likely to choose D2 than our children in Condition 2, but 
the effect was not significantly above 1: z = 1.788, p = 0.074, 95% CI 0.86 .. 19.44. On the 
basis of this result we cannot conclude whether children with DLD are able to learn 
novel visual object categories based on distributional information5. 

 
4 When we ran a model which included random slopes per participant for PositionD2 (as we did in our 
first model with all participants), the effect of Condition was 4.11 (95% CI 1.01 .. 16.7): z = 1.977, p = 
0.048. However, as this model had a singular fit, we chose to report the results of a simplified model 
without random slopes for PositionD2 (this makes the effect of PositionD2 unreportable, but as we are 
not directly interested in this effect, this is not problematic). Note that neither the p-value of 0.074 
neither the p-value of 0.048 can be called statistically significant, because this exploratory test came on 
top of the earlier confirmatory test, for which we already used a preset p-value criterion of 0.05. 
5 We also ran an analysis that only included the TD children, which yielded a significant effect of Con-
dition (z = 2.047, p = 0.04). However, please note that this finding cannot be interpreted as a difference 
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Table 4 - Descriptive data for the choice of stimulus D1 or D2. 
 

 TD children Children with DLD 

 D1 D2 D1 D2 

Condition 1 55 
49 

target 
61 

35 

target 

Condition 2 
71 

target 
25 

84 

target 
20 

 
in distributional learning between children with DLD and TD children, as the effect of Group was not 
significant in our first model. 
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Figure 6 - Choice for stimulus D1 or D2 depending on condition and group. 
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Regression analyses 
 
Descriptive data 
To investigate the relationship between distributional learning and vocabulary, we 
administered tasks measuring several types of lexical knowledge to the children with 
DLD, as well as several control tasks (see section 4.3). In Table 5 we present the scores 
of the children with DLD on the vocabulary tasks and in Table 6 their scores on the 
control tasks: the raw scores, the norm and percentile scores (if available), and the 
age-equivalent scores. The raw scores are used in our statistical analysis. The norm, 
percentile and age-equivalent scores are presented to illustrate the abilities of the 
children with DLD. 
 
Table 5 – Children with DLD’s scores on the vocabulary task.  
 

Task Subtask Raw scores 
Norm 
scores 

Percen-
tiles AES Diff. 

Productive 
vocabulary  

8 .. 41 
M = 28.16 
SD = 8.94 

2 .. 12 
M = 6.84 
SD = 2.46 

0.4 .. 75 
M = 20.46 
SD = 21.33 

36 .. 98 
M = 73.24 
SD = 16.69 

-62 .. 7 
M = -23.32 
SD = 15.83 

Receptive 
vocabulary 

 
70 .. 119 

M = 90.48 
SD = 13 

 
0 .. 91 

M = 27.36 
SD = 26.82 

  

Word asso-
ciations 

 
10 .. 42 

M = 23.92 
SD = 6.37 

2 .. 15 
M = 7.48 
SD = 2.45 

0.4 .. 95 
M = 24.22 
SD = 19.77 

42 .. 133 
M = 77.2 

SD = 18.42 

-56 .. 42 
M = -19.36 
SD = 19.19 

Word clas-
ses 

Recep-
tive 

2 .. 19 
M = 11.2 
SD = 6.95  

3 .. 12 
M = 7.24 
SD = 2.63 

1 .. 75 
M = 24.92 
SD = 22.6 

36 .. 109 
M = 70.36 
SD = 22.85 

-68 .. 18 
M = -26.2 
SD = 25.59 

Expres-
sive 

0 .. 18 
M = 8.8 

SD = 5.95 

1 .. 13 
M = 6.88 
SD = 2.71 

0.1 .. 84 
M = 21.68 
SD = 22.84 

36 .. 116 
M = 71.92 
SD = 19.19 

-68 .. 25 
M = -24.64 
SD = 21.06 

Total 
2 .. 37 
M = 20 

SD = 12.79 

2 .. 13 
M = 6.88 
SD = 2.60 

0 .. 84 
M = 21.3 

SD = 22.57 

36 .. 116 
M = 71.6 
SD = 19.4 

-68 .. 25 
M = -24.96 
SD = 21.72 

Notes:  AES = Age-equivalent score (months). Diff. = Difference AES and chronological age. The chronological 
age (months) is subtracted from the age equivalent score (months). A negative value means that the age-equiv-
alent score was lower than the actual age (M = 96.56, SD = 6.61, range 86 - 111). Scale used for interpreting 
percentile scores: 0-3 Very low, 3-10 Low, 10-16 Below average, 16-84 Average, 84-90 Above average, 90-98 
High, 98-100 Very high. The scores for the vocabulary tasks fall within the average range. 
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Table 6 – Children with DLD’s scores on the control tasks 
 

Task Subtask Raw scores 
Norm 
scores 

Percentile 
scores AES Diff. 

Raven’s 
progressive 

Matrices 

 
11 .. 38 

M = 23.24 
SD = 7.41 

 
5 .. 95 

M = 41.04 
SD = 26.25 

  

Digit Span 

Forwards 
3 .. 9 

M = 5.36 
SD = 1.58 

1 .. 12 
M = 6 

SD = 2.8 

0.1 .. 75 
M = 16.6 

SD = 21.27 

50 .. 103 
M = 68.76 
SD = 16.87 

-52 .. 12 
M = -27.8 
SD = 17.33 

Backwards 
0 .. 4 

M = 2.72 
SD = 1.02 

2 .. 11 
M = 7.52 
SD = 2.35 

0.4 .. 63 
M = 26.06 
SD = 19.34 

57 .. 101 
M = 79.52 
SD = 13.97 

-43 .. 14 
M = -17.04 
SD = 13.73 

Total 
4 .. 12 

M = 8.08 
SD = 1.91 

1 .. 10 
M = 5.68 
SD =2.39 

0.1 .. 50 
M = 12.9 

SD = 14.67 

48 .. 102 
M = 71.8 

SD = 11.81 

-56 .. -2 
M = -24.76 
SD = 12.31 

Non-word 
repetition 

 
0 .. 9 

M = 3.36 
SD = 2.36 

 Low   

Notes:  AES = Age-equivalent score (months). Diff. = Difference AES and chronological age. The chronological 
age (months) is subtracted from the age equivalent score (months). A negative value means that the age-
equivalent score was lower than the actual age (M = 96.56, SD = 6.61, range 86 - 111). Scale used for inter-
preting percentile scores: 0-3 Very low, 3-10 Low, 10-16 Below average, 16-84 Average, 84-90 Above average, 
90-98 High, 98-100 Very high. The scores for the Raven, and digit span backwards fall within the average 
range, the scores for digit span forwards and total digit span score fall in the below average range. 

 
In contrast to their scores on the sentence recall task (see Table 1), the children with 
DLD scored within the average range (low end of the continuum) on the measures of 
vocabulary. The age-equivalent scores on these subtasks were between 19.36 and 26.2 
months below their chronological age. Their non-verbal intelligence scores are also 
within the average range (see Table 5). However, the children showed below-average 
scores on the digit span forward task, which presumably reflect limitations in phono-
logical short-term memory, which are reported often in DLD (Montgomery et al., 
2010). Norm scores are available for the non-word repetition task for TD children of 7 
(N = 96) years old, 8 years old (N = 82) and 9 years old (N = 208)6. The mean raw scores 

 
6  https://progracy.com/normscores/ 
 

https://progracy.com/normscores/
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for these age groups are 8.03, 8.83 and 9.07 out of 22 words correct respectively. Com-
pared to that, the average score of 3.36 out of 22 in our group of children with DLD 
(see Table 6) can be considered as low. The children’s age in months was on average 
96.56 (SD = 6.61, range 86 .. 111), and their SES score on average -0.37 (SD = 1.04, range 
= -1.96 .. 1.52). 
Principle component analysis 
Prior to the regression analysis, all variables were centered around zero and scaled to 
a standard deviation of 1. To reduce the number of predictor variables, we ran a prin-
cipal component analysis (PCA) in R using the raw scores on the digit span forward, 
digit span backward, non-word repetition and non-verbal intelligence tasks. The PCA 
analysis yielded four components, which explained 44%, 36%, 15% and 5% of the var-
iance respectively. On the basis of this outcome, we decided to use three components, 
as they together explained 95% of the variance in the data. After varimax rotation, the 
three components explained 46%, 27% and 26% of the variance respectively. These 
components were saved and used for further analysis. See Table 7 for the component 
loadings. The first component represented phonological processing (mainly digit 
span forward and non-word repetition scores, the scores of which strongly correlated 
(r = 0.77, p = 0.0001)), the second component non-verbal intelligence (mainly Raven 
scores), and the third component verbal working memory (mainly digit span back-
ward scores).  
 
Table 7 – Standardized loadings of varimax-rotated PCA. 
 

 
Component 1 
(phonological 

processing) 

Component 2 
(non-verbal 
intelligence) 

Component 3 
(verbal working 

memory) 
Digit span forwards 0.93 -0.22 0.05 

Digits span backwards 0.05 0.20 0.98 
Non-word repetition 0.95 0.13 0.03 

Non-verbal intelligence -0.05 0.97 0.21 
 
Predictor variables 
The predictor variables were accuracy on the distributional learning task, age, SES, 
and the three component scores representing phonological processing, non-verbal 
intelligence and verbal working memory respectively. There were no significant cor-
relations between the predictor variables (see Table 8). Accuracy on the distributional 
learning task was used as the measure for distributional learning ability, and was 
computed by comparing the answer to every test question to the target answer. For 
Condition 1, the target answer was D2 while it was D1 for Condition 2. This variable 
thus reflects sensitivity to the distributional properties in the familiarization phase. 
See Figure 7 for the distribution of the accuracy scores.  
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Figure 7 – Distribution of accuracy scores on the distributional learning task.  
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Table 8 - Correlations between the predictor variables. 
 

 
Comp 1 

(phonological 
processing) 

Comp 2 
(non-verbal 
intelligence) 

Comp 3 
(verbal work-
ing memory) 

Age SES 

Distributional learning r = -0.17 
p = 0.426 

r = -0.05 
p = 0.819 

r = -0.24 
p = 0.256 

r = 0.09 
p = 0.677 

r = 0.03 
p = 0.881 

Component 1 
(phonological processing) 

 
r = 0 
p = 1 

r = 0 
p = 1 

r = 0.09 
p = 0.675 

r = 0.02 
p = 0.917 

Component 2 
(non-verbal intelligence)   

r = 0 
p = 1 

r = -0.21 
p = 0.323 

r = 0.02 
p = 0.923 

Component 3 
(verbal working memory)    

r = 0.26 
p = 0.217 

r = -0.22 
p = 0.299 

Age     
r = 0.04 

p = 0.866 

 

Dependent variables 
We ran four separate multiple linear regression analyses in R to test the relationship 
between distributional learning and different measures of vocabulary. The depend-
ent measures were raw scores on the tasks measuring receptive vocabulary size, pro-
ductive vocabulary size, and word associations. For the scores on the word classes 
tasks (part 1 and part 2) we decided to use the norm total scores (receptive + expres-
sive) instead of raw scores (see Table 5)7. 
 
Regression analyses 
The first model was run with receptive vocabulary size as the dependent variable and 
the five predictors as predictor variables. The model did not explain variation in re-
ceptive vocabulary size better than the null model (F = 0.59, p = 0.734) and none of the 
predictors were significant (see Table 9). The second model with productive vocabu-
lary size as the dependent variable also was not significant (F = 1.693, p = 0.18) and 
contained no significant predictors (see Table 10). The third model with word classes 
total score as the dependent variable was not significant (F = 1.604, p = 0.2033), but 
component 2 (non-verbal intelligence) significantly predicted word classes score (t = 
2.156, p = 0.045), indicating that the ability of completing non-verbal patterns might 

 
7 We felt it was not possible to use the raw scores, as the two parts of the task (part 1 for children up 
until 7 years old and part 2 for 8+ children) yielded different ranges of scores, while they were meant 
to measure the same underlying skill. Using the norm scores enabled us to use word category score as 
one variable for the whole group of children. The norm scores were computed from tables provided in 
the manual of the test, based on a sample of 1336 Dutch children (5-16 years old). The norm score 
provides information about a child’s performance compared to the age norm. 
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explain unique variance in semantic knowledge about words, but please note that this 
result is exploratory. None of the other predictors were significant (see Table 11). The 
last model with word association score as the dependent variable was not significant 
(F = 0.827, p = 0.564), and none of the variables significantly predicted the dependent 
variable (see Table 12). In none of the models distributional learning significantly 
predicted vocabulary scores. Based on this null result, we cannot conclude anything 
about the relationship between visual distributional learning and vocabulary 
knowledge.  
 
Table 9 – Results from the first linear model predicting receptive vocabulary size. 
 

Predictor 
Estimate 

(log odds) 
[95% CI] 

Std. error 
(log odds) 

t p 

Age 0.18 
[-0.31 .. 0.67] 

0.234 0.782 0.444 

SES 0.09 
[-0.37 – 0.56] 

0.222 0.420 0.680 

Component 1 
(phonological processing) 

0.27 
[-0.20 .. 0.73] 0.220 1.204 0.244 

Component 2 
(non-verbal intelligence) 

0.17 
[-0.30 .. 0.63] 0.221 0.747 0.465 

Component 3 
(verbal working memory) 

0.12 
[-0.38 .. 0.62] 

0.239 0.501 0.622 

Distributional learning 0.15 
[-0.33 .. 0.63]  

0.229 0.674 0.509 

Comparison with null model: F = 0.59, p = 0.734 
 
 
Table 10 – Results from the second linear model predicting productive vocabulary 
size. 
 

Predictor 
Estimate 

(log odds) 
[95% CI] 

Std. error 
(log odds) t p 

Age 0.32 
[-0.11 .. 0.75] 0.205 1.584 0.131 

SES 0.36 
[-0.05 .. 0.77] 0.194 1.869 0.078 

Component 1 
(phonological processing) 

0.29 
[-0.11 .. 0.70] 0.193 1.520 0.146 

Component 2 
(non-verbal intelligence) 

0.14 
[-0.27 .. 0.55] 0.193 0.729 0.476 

Component 3 
(verbal working memory) 

-0.03 
[-0.47 .. 0.41] 0.209 -0.126 0.901 
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Distributional learning 0.08 
[-0.34 .. 0.50] 0.200 0.401 0.693 

Comparison with null model: F = 1.693, p = 0.18 
 
Table 11 – Results from the third linear model predicting word classes total score. 
 

Predictor 
Estimate 

(log odds) 
[95% CI] 

Std. error 
(log odds) 

t p 

Age -0.19 
[-0.63 .. 0.24] 

0.207 -0.930 0.365 

SES 
0.04 

[-0.38 .. 0.45] 0.196 0.180 0.8595 

Component 1 
(phonological processing) 

-0.25 
[-0.66 .. 0.16] 0.195 -1.301 0.2098 

Component 2 
(non-verbal intelligence) 

0.42 
[0.01 .. 0.83] 

0.195 2.156 0.045* 

Component 3 
(verbal working memory) 

0.03 
[-0.42 .. 0.47] 

0.211 0.124 0.903 

Distributional learning 
-0.17 

[-0.60 .. 0.25] 0.202 -0.859 0.402 

Comparison with null model: F = 1.604, p = 0.2033 
 
 
Table 12 – Results from the fourth linear model predicting word association score. 
 

Predictor 
Estimate 

(log odds) 
[95% CI] 

Std. error 
(log odds) 

t p 

Age 
0.14 

[-0.33 .. 0.62] 
0.227 0.630 0.536 

SES 0.23 
[-0.23 .. 0.68] 

0.215 1.049 0.308 

Component 1 
(phonological processing) 

0.10 
[-0.34 .. 0.55] 

0.214 0.486 0.633 

Component 2 
(non-verbal intelligence) 

0.13 
[-0.32 .. 0.57] 0.214 0.584 0.567 

Component 3 
(verbal working memory) 

-0.30 
[-0.79 .. 0.18] 

0.232 -1.307 0.208 

Distributional learning 0.88 
[-0.38 .. 0.55] 

0.222 0.398 0.695 

Comparison with null model: F = 0.827, p = 0.564 
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Discussion 
 
In the current study we aimed to shed more light on the relationship between statis-
tical learning ability and lexical-semantic skills in children with and without DLD. 
Specifically, we investigated whether children with DLD are sensitive to distributional 
information in a visual distributional learning task, and whether this ability is related 
to different types of lexical knowledge. Our results show that, overall, school-aged 
children learn novel visual object categories based on distributional information. We 
cannot answer our first research question as we did not find evidence for or against a 
visual distributional learning deficit in children with DLD. The confidence interval of 
our group comparison shows that children with DLD could be between 6.8 times 
weaker and 6.7 times better on the visual distributional learning task than TD chil-
dren. The finding of a non-significant group difference could be due to chance. It is 
possible that the true effect is zero, but we can only speculate about possible under-
lying reasons. 
 
It could be the case that children with DLD have no disadvantage in visual distribu-
tional learning compared to TD children. Previous evidence has suggested that visuo-
motor statistical learning is impaired in children with DLD (Lum et al., 2014; Obeid et 
al., 2016; Tomblin et al., 2007). However, null results have also been found (Aguilar & 
Plante, 2014; Noonan, 2018) and  Lammertink et al. (2020) report evidence for visual 
statistical learning in children with DLD. Intact visual statistical learning cannot be 
concluded from our null result, but accumulated evidence could point towards a spe-
cifically verbal statistical learning deficit in children with DLD, as opposed to a do-
main-general deficit. Statistical learning is often characterized as a domain-general 
ability, but research suggests the existence of different domain-specific components 
of statistical learning (Siegelman, 2020). It is also possible that sequential statistical 
learning as is tested with for example word segmentation tasks is problematic for chil-
dren with DLD, while specifically distributional learning is not. More research is nec-
essary to disentangle these possibilities. For example, it would be interesting to inves-
tigate whether verbal distributional learning is problematic for children with DLD.  
The absence of a significant DLD–TD difference could also be due to a lack of statisti-
cal power. We tested 25 children in both participant groups, but the between-partici-
pants design of our experiment results in relatively limited number of participants 
per subgroup. Future studies should test larger participant groups and/or change the 
design such that multiple between-participant comparisons are avoided. Another op-
tion would be to test categorization in a way that would provide more data, for exam-
ple by using an online behavioral measure or an neurological measure like EEG (Alt-
vater-Mackensen et al., 2017), which could make the task more sensitive to potential 
DLD–TD differences.  
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To answer our second research question, we investigated whether distributional 
learning ability predicted vocabulary knowledge in children with DLD, while control-
ling for variation in phonological processing, verbal working memory, non-verbal in-
telligence, SES and age. We did not find any evidence for or against this relationship 
in our sample of children with DLD. Apart from chance, several factors could under-
lie this null-result. It could be the case that, as statistical learning tasks are designed 
to measure group-level performance, they are not suitable for measuring individual 
differences reliably and thus should not be used to predict differences in language 
outcome.(Arnon, 2019; Siegelman et al., 2017; Siegelman et al., 2017). For example, 
Arnon (2019) showed that three different statistical learning tasks had a low test-retest 
reliability and internal consistency in children, illustrating that they did not capture 
individual statistical learning ability reliably. This is a serious problem in the field of 
statistical learning research, as correlations between statistical learning ability and 
language proficiency might have been both overestimated and underestimated in 
previously reported studies (Siegelman, 2020). The split-half reliability of our visual 
distributional learning task was r = 0.73, approaching the standard of r = 0.80. This 
suggests that the test is a fairly reliable test of categorization. However, test-retest re-
liability should still be investigated to find out whether this task is able to capture in-
dividual differences reliably. 
 
Another phenomenon that could occur when investigating individual differences in 
statistical learning is a large portion of the participants performing around chance 
level. Variation around chance level is not meaningful variation, which could result 
in the absence of significant correlations. However, this does not seem to be the case 
for our sample (see Figure 7). Another problem with this type of tasks might be that 
implicit knowledge that is built during familiarization does not transfer to the more 
explicit test questions in the test phase. Introducing more implicit and/or online 
measures of statistical learning could address this problem.  
 
Importantly, although we did not compare the children with DLD to TD children on 
measures of vocabulary directly, it is striking that the percentile scores of the children 
with DLD in our sample are within the average range. Still, it is important to note that 
the ranges are wide and the children do fall behind same-aged peers if we consider 
the age-equivalent scores. The scores on the task measuring syntax and morphology 
do fall in the low range. This could mean that grammatical difficulties are more pro-
nounced than vocabulary problems in our sample. Future studies could consider 
picking specific subgroups of children with DLD who have pronounced vocabulary 
problems to investigate the relationship between statistical learning and vocabulary 
development.  
 
Although we cannot conclude this on basis of our results, there is also the possibility 
that there is no (strong) relationship between statistical learning and lexical-semantic 
knowledge. Perhaps statistical learning does contribute to more structural linguistic 
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knowledge such as rules and regularities, but deeper (semantic) knowledge is subject 
to other types of learning mechanisms, although research did point out that statistical 
learning mechanisms are sensitive to semantic information (Goujon, 2011; Paciorek 
& Williams, 2015). Possibly, deficits in other cognitive mechanisms such as attention, 
inhibition or verbal short-term memory play a role in the lexical-semantic difficulties 
that are observed in children with DLD (Alt & Plante, 2006; Mainela-Arnold & Evans, 
2014). More research into these difficulties and their underlying mechanisms is nec-
essary.  
We included measures of phonological processing, verbal working memory and non-
verbal intelligence in our regression models as control variables. Somewhat unex-
pectedly, we did not find evidence for a contribution of phonological processing or 
verbal working memory ability to different types of vocabulary knowledge in our sam-
ple of children with DLD. Similarly, Rispens and Baker (2012) found no evidence for 
a relationship between non-word repetition and vocabulary size in TD children and 
children with DLD, and the longitudinal study of Melby-Lervåg et al. (2012) yielded no 
evidence of a causal relationship between non-word repetition and vocabulary acqui-
sition in 4-7 year old TD children. A meta-analysis could shed light on the relationship 
between phonological processing and vocabulary development in children with and 
without DLD. Moreover, we found an indication that non-verbal intelligence contrib-
utes to word category knowledge in children with DLD. This might be explained by 
similarities between the tasks: in the Word Category task, children had to choose 
which two out of three pictures/words were related (and why), while in the Raven 
progressive matrices task children had to complete visual patterns (see Table 2). Still, 
it is an interesting finding that non-verbal intelligence could explain variation in the 
verbal (semantic) domain, although we want to emphasize that this is an exploratory 
finding. 
 
A shortcoming of the visual distributional learning task we have used is the finding 
that children overall prefer the combination S + D1, which is a result we have also 
reported in Broedelet et al. (2021). In that study, we tested 32 adults in an online ex-
periment to explore a priori preferences for either S+D1 or S+D2. We wanted to inves-
tigate how participants who had not been exposed to a familiarization phase would 
answer questions similar to the test phase of our experiment. Results showed that 
participants chose D1 to look more like S 75% of the time, which was significantly 
higher than chance level. This result implies that D1 looks more like S for most par-
ticipants, which is not an ideal starting point for testing the influence of distributional 
learning on categorization. This a priori preference might have diminished the distri-
butional learning effect as well as a potential group difference in learning. However, 
our results show that despite this preference for the combination of S+D1, exposure 
to a familiarization phase in which S and D2 belonged to one distributional peak still 
caused participants to categorize S and D2 more often. Future studies might choose 
to use different stimuli when testing visual distributional learning and test before-
hand whether participants show any unexpected preferences.  
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Conclusion and future directions 

 
Our study shows that school-aged children can learn novel visual object categories 
based on distributional information. We did not find evidence for or against a visual 
distributional learning deficit in children with DLD. Future research could use our 
results for meta-analyses.  Moreover, it would be interesting to investigate whether 
children with DLD have a domain-general deficit in statistical learning or solely a ver-
bal statistical learning deficit, for example by a comparison between visual and verbal 
distributional learning. The relationship between statistical learning and lexical-se-
mantic knowledge should be examined further. It could be fruitful to investigate chil-
dren who show difficulties with lexical-semantic skills. Finally, measuring statistical 
learning online could be beneficial for both group comparisons as well as studying 
individual differences.  
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