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Zusammenfassung

Das frithe Wortlernen ist ein komplexer Prozess, der durch viele Faktoren beeinflusst
wird. Ein bedeutender Faktor sind die Worter in der lexikalischen Umgebung sowie im
Lexikon des Kindes. Die phonologischen und semantischen Ahnlichkeiten dieser Worter
beeinflussen, welche Worter als néchstes gelernt werden. Trotz vieler Studien ist der
Einfluss dieser Ahnlichkeitsbezichungen auf die Entwicklung des frithen Lexikons, die
Interaktion phonologischer und semantischer Ahnlichkeitsstrukturen und ob sich Kinder
diesbeziiglich unterscheiden unklar. Daher untersucht diese Dissertation, welchen Ein-
fluss phonologische und semantische Ahnlichkeitsstrukturen in der Umgebung sowie im
Lexikon des Kindes auf die Entwicklung des Vokabulars haben, wie sie interagieren und
ob es Unterschiede zwischen Kindern gibt. Kapitel [T bildet die Grundlagen, indem es die
phonologischen Strukturen isoliert und individuelle Unterschiede untersucht, Kapitel [[T]]
bietet eine breitere Perspektive auf die Entwicklung frither Wortschatznetzwerke, indem
es zeigt, wie phonologische und semantische Netzwerkstrukturen bei der Entwicklung von
Wortschatznetzwerken interagieren, und Kapitel [[V] bietet eine individualisierte Sicht auf
die Entwicklung frither Vokabularnetzwerke, indem es ihr Wachstum in einzelnen Kinder
analysiert.

Die Ergebnisse zeigen, dass das frithe Voklabularwachstum von einem dynamischen
Zusammenspiel mehrerer Mechanismen gepriigt ist. Dabei haben semantische Ahnlich-
keiten einen starkeren Einfluss auf das Wortlernen als phonologische. FEine besonders
prominente Rolle spielen bereits gelernte Worter, die phonologisch oder semantisch vielen
anderen Wortern im kindlichen Lexikon @hnlich sind. Diese ziehen neue dhnliche Worter
an, wodurch Cluster im Lexikon entstehen, die das Vokabularwachstum unterstiitzen, in-
dem sie ein Sprungbrett zum Lernen neuer Worter bilden. Weiterhin ist das Lernen von
Wortern vereinfacht, die in ihrer Bedeutung vielen bereits bekannten Wortern ahnlich
sind; sind sie jedoch vielen phonologisch dhnlich, behindert dies das Lernen. Zudem
vereinfachen semantische Ahnlichkeiten zwischen Wortern in der Umgebung des Kindes
das Wortlernen zu Beginn, erschweren dieses jedoch spater; phonologische Ahnlichkeit
hat einen kleinen positiven Effekt. Ein wichtiges Ergebnis ist zudem, dass Worter ein-
facher zu lernen sind, wenn sie nur semantisch dhnlich zu vielen anderen bereits gelernten
Wortern sind, als wenn sie semantisch und phonologisch &hnlich sind. Die Untersuchung
der individuellen Unterschiede des Vokabularwachstums zeigte, dass Kinder sich in dem
AusmaB, in der sie Ahnlichkeitsbeziehungen in ihrer Umgebung oder ihrem Lexikon be-
nutzen, unterscheiden. Dabei scheinen der hochste Bildungsabschluss der Mutter und die
Existenz von dlteren Geschwistern eine Rolle zu spielen. Dieser individualisierte Ansatz
betont, dass es wichtig ist, umfangreiche individuelle ldngsschnittliche Daten zu verwen-
den, um die Effekte dieser Mechanismen besser erfassen zu konnen.

Zusammenfassend tragt diese Dissertation zum Verstdndnis des frithen Spracherwerbs
bei, indem sie die von mehreren Mechanismen gepréagte und dynamische Natur des Vokab-
ularwachstums betont. Zukiinftige Forschung sollte eine nuanciertere Perspektive auf den
frithen Worterwerbs haben und die verschiedenen zusammenwirkenden Mechanismen und
individuellen Unterschiede zwischen Kindern einbeziehen, um ein umfassenderes Model
vom frithen Wortlernen zu entwickeln.
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Abstract

Early word learning is a complex process influenced by many factors. The words in the
child’s lexical environment and the words in their lexicon play an important role. Their
phonological and semantic similarities influence which words are learned next. Despite
much research in this area, it is still unclear which similarity relations influence the devel-
opment of the early lexicon and to what extent, how phonological and semantic similarity
structures interact and whether children differ in this respect. This dissertation there-
fore investigates the influence that phonological and semantic similarity structures in the
environment and in the child’s lexicon have on the development of the individual vocab-
ulary and how they interact. Chapter [[]| lays the groundwork by isolating phonological
dynamics and investigating individual differences, chapter [[II| provides a broader perspec-
tive on the development of early vocabulary networks, demonstrating how phonological
and semantic network structure interact in vocabulary network development, and chapter
[[V] provides an individualized view on the development of early vocabulary networks by
analyzing growth in individual children.

The results show that early vocabulary growth is characterized by a dynamic interplay
of several mechanisms, with semantic similarities generally having a stronger influence on
word learning than phonological similarities. A particularly prominent role play previ-
ously learned words that are phonologically or semantically similar to many other words
in the child’s lexicon. These attract new similar words, creating clusters in the lexicon
that support vocabulary growth by forming stepping stones for learning new words. Fur-
thermore, learning new words that are similar in meaning to many already known words
is easier than learning those that do not share semantic similarities to words in the lexi-
con; however, phonological similarity to many words in the lexicon impedes learning. In
addition, semantic similarities between words in the child’s environment simplify word
learning in the beginning, but make it more difficult later on; phonological similarity has
a small positive effect. Crucially, words are easier to learn if they are only semantically
similar to many other words that have already been learned than if they are semantically
and phonologically similar. The study about individual differences in vocabulary growth
showed that children differ in the extent to which they utilize similarity relationships in
their environment or their lexicon. Specific factors, such as maternal education and the
presence of older siblings, appear to play a role. This individualized approach empha-
sizes the importance of using extensive individual longitudinal data to better capture the
effects of these mechanisms.

In summary, this dissertation contributes to the understanding of early language acqui-
sition by emphasizing the multi-mechanistic and dynamic nature of vocabulary growth.
Future research should adopt a more nuanced perspective of early word acquisition and
incorporate the various interacting mechanisms and individual differences between chil-
dren to develop a more comprehensive model of early word learning.
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Part I.

Introduction

1. General Introduction to Vocabulary Development

Children's vocabularies develop remarkably during their rst years of life: At 6 months,
typically developing children begin to understand familiar words (Tinco & Jusczyk, 1999)
and around 10{15 months, they produce their rst words (Benedict, 1979; Fenson et al.,
1994). Within just a few months, at 15-18 months, the 50-word vocabulary is built and
the lexicon expands rapidly, also called the vocabulary spurt, leading to a vocabulary size
of 200 words at 18-30 months (Benedict, 1979). This development is demonstrated in
Figure 1, where the vocabulary growth of 6,160 Norwegian children is pictured: While
children only know a few words at 16 months, they acquire many words within the next
months.! This rapid growth raises the question of how it is possible for children to expand
their vocabulary from none to several hundred words in just a few months. To answer this
guestion, we need to consider the factors that in uence the growth, ask how words are
organized in the lexicon, and how such organization in uences the learning of new words.
The rapid vocabulary growth observed in young children is in uenced by both envi-
ronmental exposure and internal mechanisms. External factors that support children in
mapping words onto their referents are varied. For example, children better form word-
object associations (WOAs) when they listen to child-directed speech, which is charac-
terized by a wider pitch range, higher pitch, and extended word duration compared to
adult-directed speech (Kuhl et al., 1997; Fernald & Simon, 1984; Ma et al., 2011). Dis-
tributional cues also aid word learning; for example, children as young as 12 months of
age categorize novel verbs based on their appearance in specic verb frames, suchtas

it (Mintz, 2006). Moreover, the likelihood of syllables appearing at the same time

helps children with the recognition of word boundaries (Saran et al., 1996). Another
external factor that leverages word learning is the use of gestures, such as pointing to a

referent (Kalagher & Yu, 2006), which has shown to be even more in uential than words

!Note that these data originate in parental reports where the parents could answer for a xed set of words
whether or not their child could produce them. Therefore, additional words which were not part of
the list, are likely to be missing the older the child gets, resulting in a ceiling e ect (compare Mayor &
Plunkett (2011) for a statistical estimate of infant and toddler vocabulary size from CDI analysis).
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Figure 1: Development of productive vocabulary size of 5,160 Norwegian children. Ex-
ported from the Wordbank vocabulary norms (Frank et al., 2017).

when children choose a referent (Grassmann & Tomasello, 2010). Furthermore, the fre-
qguency of words and the overall number of words in a child's environment play a role in
lexical acquisition (Hart, 1991). In addition, we know that the socio-economic status and
the child's birth order modulate word learning, such that children with mothers from a
higher educational background or with a lower birth order have larger vocabulary sizes at
the same age compared to children with mothers from lower educational backgrounds or
later-born children (Ermisch, 2008; Farkas & Beron, 2004; Fenson et al., 1994; Hart et al.,
1997; Ho, 2003).

Internal mechanisms enable children to build on their existing knowledge in ways that
facilitate word learning. These include principles such as mutual exclusivity (Markman
& Wachtel, 1988) and the novel name-nameless category principle (Mervis & Bertrand,
1994), where children use their lexical knowledge to determine which object corresponds to
an unfamiliar word. Another important factor related to a child's lexicon is that children
benet from the similarity between words already in their lexicon and new words they
encounter in their environment. Studies indicate that children more readily learn words
that belong to familiar semantic categories (Ackermann et al., 2020; Borovsky et al.,
2016). For example, if a child already knows multiple words for animals, learning the
WOA for a new animal is easier than if the child were less familiar with animal-related

vocabulary. Phonological similarity e ects are mixed. Some studies suggest that words in
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phonologically dense neighborhoods are easier to acquire (Newman et al., 2008), to segment
from speech more easily (Altvater-Mackensen & Mani, 2013) and learned earlier (Storkel,
2004). Others report that phonological neighbors can inhibit learning (Dautriche et al.,
2015; Swingley & Aslin, 2007; Hollich et al., 2002). Thus, while the role of phonological
similarity in word learning is not clear, the internal structure of the lexicon { along with
these principles { clearly in uences vocabulary acquisition.

These ndings underscore that words are not stored in isolation, like items on a list.
Instead, they are interlinked through phonological and semantic connections, forming a
vocabulary network (Mani & Borovsky, 2017) ( nd an introduction to networks in the next
section). As children build their lexicons, phonological and semantic connections develop
between similar words, leading to an interconnected network. Such an organization of the
lexicon likely in uences which words are learned next and how e ciently they integrate
into the existing lexicon. This raises an important question: How do phonological and
semantic lexicons grow, and how does the structure of the lexicon impact the acquisition
of new words?

Past research has investigated three mechanisms for how vocabulary networks grow (e.g.,
Hills et al., 2009; Fourtassi et al., 2020; Laing, 2025; Siew & Vitevitch, 2020b). These mech-
anisms include Preferential Acquisition (EXT), which emphasizes the connections between
words in the child's environment, and two that focus on internal structure: Preferential
Attachment (INT), favoring links to well-integrated words in the lexicon, and the Lure of
Associates (LoA), which focuses on links between new and similar words already in the
lexicon (explained further in the next section). Despite several investigations, there is no
agreement which of the three mechanisms explain(s) the growth of the early vocabulary
network. A reason for this could be that most studies analyzed data averaged across many
children even though two of the three mechanisms depend on each child's unique lexicon.
Given that vocabulary growth varies across children, it is essential to examine vocabulary
development at the individual level rather than using standardized data, where strategies
in word acquisition may stay hidden. Furthermore, INT, EXT and LoA have only been
explored separately in phonological and semantic networks. However, a joint investigation
of phonological and semantic network growth is crucial, because acquiring a new word
involves integrating both its meaning and sound into the lexicon, and it has been shown

that it is important to consider both levels of similarity concurrently (Arias-Trejo et al.,
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2025; Stella et al., 2017). Whether the structure of the semantic and phonological network
interact is therefore unknown.

Building upon these insights, this thesis explores how the structure of the early lexi-
con develops by investigating phonological and semantic networks both individually and
jointly, using large-scale longitudinal data from individual children's vocabulary develop-

ment.

In the following, | will rst introduce vocabulary networks and explain the three growth
mechanisms in detail. Next, | will discuss how phonological and semantic similarity can be
calculated, since the networks are based on these de nitions. Then, | will present previous
research that has investigated whether and how early vocabulary growth can be explained
by INT, EXT or LoA. Finally, | will highlight the research gaps in this area and present

the speci c research questions of this dissertation.

2. Vocabulary Growth Mechanisms

Network science has been proven useful in various scienti ¢ disciplines such as Biology
(Goh et al., 2007), Economics (Li & Zhang, 2024) or Social Sciences (Larson, 2021). In
networks, elements are represented as nodes and connections between these elements as
edges, with the number of edges of a node being called degree. For example, if we represent
a group of people and their relationships in a network, each individual person would be

a node and the relationships between them would be an edge between their nodes; the
number of relationships one person has, would then be their degree. Network analyses are
also a helpful method for exploring human vocabulary, in this case, the development of

early vocabulary networks.

2.1. Vocabulary networks

When we investigate the human vocabulary using network science, the lexicon is repre-
sented as a network in which words form the nodes and certain relationships between
the individual words form the edges. In phonological networks, these relationships are
phonological similarities; phonologically similar words such ashat and cat are thus con-
nected in these networks. In semantic networks, the connections are based on semantic

similarity; here, for example, dog and cat would be connected. In Figure 2 ve words
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Figure 2: Network example for ve words. Dotted lines represent semantic similarity;
dashed lines phonological similarity.

are represented in a network; the animalscat, bat and dog are semantically similar and
therefore connected, visible through the dotted lines. The wordsbat and cap are both
phonologically similar to cat, but not to each other; thus, they are only connected tocat
in a phonological network (dashed lines). The wordsun is neither similar in sound nor in
meaning to any other word and thus not connected to any of the other four words in this
exemplary network.

Phonological and semantic priming studies suggest that the early lexicon is organized as
a network. In an eye-tracking experiment, children were rst presented a prime €at) which
was phonologically similar to the target object (cup). Afterwards, the target object was
presented alongside an object, which was phonologically di erent from the prime $hoe.
18-month-olds looked longer at the object which overlapped with the prime ¢up) while
24-month-olds looked longer at the other object §hoe) due to inhibitory e ects caused by
phonological competition (Mani & Plunkett, 2011, 2010a). It can therefore be assumed
that the lexicon of children as young as 24 months of age is structured following the words'
phonological characteristics. There is also evidence for a semantic organization of the
lexicon. In a semantic priming study, 18-month-olds did not show any priming e ect, but
by 21 month of age, children do when the prime is taxonomically and associatively related
to the target object (Arias-Trejo & Plunkett, 2009); by 24 months of age, a semantic
priming e ect was found if the word was either taxonomically or associatively related
(Arias-Trejo & Plunkett, 2013). In contrast, von Koss Torkildsen et al. (2007) found,
using ERP-measures, that a semantic priming e ect even existed for 18-month-olds, but
only if they had a relatively large vocabulary. We can therefore conclude that the early
lexicon is structured according to the words' phonological properties at 24 months of age,

and that the semantic organization develops between 18 and 24 months of age.
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That the vocabulary is organized as a network has several advantages. When a word
(e.g. cat) is heard, phonologically and semantically similar words are activated alongside
this word (e.g. bat and dog) (Swingley et al., 1999; Mani & Plunkett, 2011; Arias-Trejo &
Plunkett, 2009; Mani et al., 2012). While this may not seem e cient at rst, as we are only
supposed to understand the one word which had been uttered, activating similar words can
help us. On the one hand, if we have not fully understood the word (\Did they saycat or
bat?"), we can nd the correct word more quickly among multiple activated phonologically
similar words with the help of the context (\Yesterday, our [cat/bat] knocked our vase o
the table."). On the other hand, in the case of semantic structure, we can select suitable
words according to the context even before hearing the word (Mani & Borovsky, 2017).
For example, we know from children that when they hear the beginning of the sentence
\The pirate hides the ...", they look at the treasure in a preferential looking paradigm
experiment even before the wordreasure was pronounced, as it ts semantically into the
context (Borovsky et al., 2012). The semantic organization of the vocabulary and the
context are used to pre-select suitable words, which speeds up word processing.

The organization of the early lexicon into interconnected networks of phonologically
and semantically similar words does not only in uence word processing and retrieval, but
is also likely to a ect the way these networks expand during development. As children
learn new words, they are added into their existing networks, building new connections to
already learned words. This dynamic interplay between the organization and growth of

vocabulary networks poses questions about the mechanisms that are driving its growth.

2.2. Vocabulary network growth mechanisms

A child's expanding vocabulary can be visualized as a growing network: each time a child
learns a new word, a node is added, along with connections to existing words. Figure 3
illustrates this process for a Norwegian child, showing vocabulary growth as a series of
semantic networks. At 16 months, the child knows only nine words, with no semantic con-
nections between them. By 20 months, however, the child has acquired additional words
and established the rst semantic links, re ecting similarity relations. As the child grows
older, the network becomes increasingly dense, with a growing number of connections
emerging between words.

Three theories aim to explain how vocabulary networks expand. The rst, Preferen-
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(a) 16 months (b) 20 months

(c) 24 months (d) 31 months

Figure 3: The growing vocabulary network of a Norwegian child. A larger version of these
networks can be found in Figure 30 in Appendix A
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Figure 4: Exemplary network with already acquired words (A1-A4) and novel words in the
environment (N1-N4) and connections between them. Di erent colors highlight
which connections are relevant for which growth mechanism: Green lines are
relevant for INT, blue lines for LoA and all lines for EXT.

tial Acquisition (EXT) , emphasizes the in uence of words in a child's environment,
making it an external growth mechanism, labeled as EXT. The secondPreferential
Attachment (INT) , focuses on the internal connections between words a child has al-
ready learned, hence it's called INT. Finally, the Lure of Associates (LoA) addresses
connections between novel words in the environment and those already learned.

Imagine the exemplary network in Figure 4 represents a child's lexicon (nodes Al1-A4)
and words that are yet to be learned in the child's environment (nodes N1-N4). All three
vocabulary growth mechanisms assume that well-connected words de ne which words will
be added to the network next, meaning that it will be learned next. The di erence between
EXT, INT and LoA is that they focus on di erent subsets of words: EXT focuses on the
words in the child's environment, and therefore on all connections visible in Figure 4, since
all words, including the already learned words, are part of the environment. The most
well-connected novel word, meaning the word with the most connections to other words,
will be learned next. In our exemplary network, word N2 would be learned next, since it
is connected to ve other words (N1, N3, N4, Al, A2) while the other novel words have
fewer connections (N1: two, N3: four, N4: one). The number of connections is considered
the EXT value of the word.

In contrast, INT focuses on the connections within the lexicon; the novel word which
is connected to the best connected words within the lexicon would be learned next. In
our example, N1 is connected to A4, which is itself very well-connected (three connec-
tions). N1's INT value is therefore 3. N2 is connected to A1 and A2. Al itself is

connected to one word in the lexicon, and A2 is connected to two other words (A3, A4).
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The INT value of N2 is then the mean of the connections of A1 and A2, and there-
fore mean(deg Al);deg/A2)) = mean(l;2) = 1:5. Accordingly, the INT value of N3 is
mean(deg/Al); degA2); deg(A3)) = mean(l;2;2) = 1:67. Since N4 is not connected to
any word in the lexicon, N4's INT value is 0. Finally, as N1 has the highest INT value of
all novel words, N1 would be learned next following the INT-growth hypothesis.

The last vocabulary growth mechanism, LoA, states that the novel word with the most
connections to already learned words will be acquired next. In our example in Figure 4,
N1 connects to one word in the lexicon, N2 to two, N3 to three and N4 to none. Therefore,
N3 would be learned next.

As explained above, all three growth hypotheses focus on di erent connections within
the vocabulary network. Consequently, EXT, INT, and LoA may predict the next words
a child is likely to learn di erently, as illustrated by our example network. According to
EXT, the next word would be N2; INT would suggest N1, while LoA would point to N3.
Although these three theories di er signi cantly from one another, they are not mutually
exclusive, allowing for simultaneous consideration of various aspects of connectivity in vo-
cabulary and environment during word learning. Despite numerous analyses of children's
vocabularies, the speci c mechanisms { or combination of mechanisms { underlying vo-
cabulary development remain unclear. The following section presents the existing research
on this topic, beginning with studies focused on phonological networks and subsequently

examining those that investigate semantic networks.

2.3. Phonological Networks

Phonological networks represent the words in the lexicon and the phonological similar-
ity relations between them. In order to create a phonological network, we must de ne
phonological similarity. Based on this de nition, similar words would be connected in the

network, while dissimilar ones would not.

2.3.1. Measures of Phonological Similarity

Multiple measures were used in the past to de ne whether a pair of words is phonologi-
cally similar or not. The most commonly used method is the Levenshtein distance (LD,
Levenshtein 1966), also called edit distance. To compare two words, the number of steps

which are needed to change one word into the other are counted. A step is a deletion,
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k & t k & t
# # # #
k e m @ | h & t
I {z } | —{z—}
LD =3 LD =1

Table 1: Two examples for the Levenshtein distance (LD): the wordcat is compared to
camel (left) and to hat (right). Each arrow stands for a step which is needed to
change one word into the other.

addition or replacement of a letter or a phoneme, depending on whether the LD is applied
to letters or the IPA transcription of the words.

Despite having been used frequently (e.g., Fourtassi et al., 2020; Siew & Vitevitch,
2020b; Luef, 2022; Beckage & Colunga, 2019), LD cannot account for the degree to which
two phonemes di er from another. This results in words like cat and cap being judged
as similar to the same degree asat and can, although cat and cap are more similar to
each other thancat and can, because the phonemest/ and / p/ overlap on more phonetic
features than the phonemes 1/ and / n/. To address this problem, Monaghan et al. (2010)
developed a new measure of phonological similarity which is based on phoneme features
(FD, Feature Distance). Words are rst transcribed according to IPA conventions. The
transcription is then split into its onset, vowel, and coda, with three possible slots for the
onset, two for vowels, and three for the coda (compare Table 2). Then, the phonemes are
repositioned within these slots to minimize the distance between the compared phonemes.
For instance, in Table 2 row 1, the /U of / bUkK would be moved to the second vowel slot
to be compared with the /U of / soUf@rather than with the / o/. Next, each phoneme is
associated with its corresponding feature vector and the Euclidean distance between these
vectors is calculated (compare Figure 5). If the number of phonemes in onset, vowel or coda
di ered (compare the vowels /U and / oU in row 1 and 2 of Figure 2), the shorter vowel
(/ U) was supplemented by a vector with -1 only, i.e., v = 1 1 @ 1= 11
Thus, in this example, the feature vectors of AJ and / U would be compared to each other
as well as the feature vector of b/ and v. The sum of all Euclidean distances de nes the
overall FD between the word pair, as illustrated in Figure 5.

FD only addresses monosyllabic words. We therefore adapted it so that it can be used to
calculate the phonological distance between multisyllabic words, and refer to it as FDMS
(Feature Distance Multi Syllabic). When we compare multisyllabic words like cellphone

and toothpaste the rst approach would be to compare syllable 1 of word 1 with syllable 1

10
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Word/Syllable Onset Vowels Coda
bUk b - u k - _
sou@ s _ . o U o
soUf@ f_ @ . o

Table 2: Example of how syllables were split into their constituent onset, vowels and coda
which is used in Monaghan et al. (2010)'s feature distance. The words used here
are book and sofa

k k ae u t p
0 1 0 1 0 1 0 1 0 1 0 1
fl fl fl fl f1 fl
f11 f11 f11 f11 f11 f11
pp__ pR pp___
FDyk = i(fiy, fi,)? | FDaeu = i(fi.e fi))? | FDyp = (Fip fip)?

FDecatcup = FDkk + FDaeu+ FDyp

Figure 5: Example for the Euclidean distance of phoneme features based on FD. The
phonemes of the words catind cup next to each other with their 11 phonological
features fq;:::f11;f; 2 f 1,0;,1g (based on Harm & Seidenberg 1999). The
Euclidean distance between each phoneme pair is calculated.

11
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of word 2 (cell-tooth), as well as syllable 2 of word 1 with syllable 2 of word 2 ghone-pastg

and so on. However, if we were to compare words which contain similar (or even equal)
syllables, such ascellphone and phonecal| our distance measure should ideally compare
the syllables phone of both words with one another, and not, as it would be the case
following syllable order, cell with phone and phone with call. Therefore, we calculated

the phonological distances of all syllable permutations of word 1 and word 2 and took
the minimum distance as our phonological distance, which would be the following for our

exemplary words cellphone and phonecalt

I:DMScellphone;phonecall

= min (FDMS cell;phone +FDMS phone;call » FDMSceII;caII +FDMS phone;phone) (l)

= FDMS ceji;cal + FDMS phone;phone

If the two words had a di erent number of syllables (e.g., buttery and panda), we took

the minimum of all permutation distances (FDMSpt) as the basis of further calculations.

FDMSpt = min (FDMS but;pan FDMS ter.da ; FDMSpyt,da + FDMS ter;pan s
FDMSput:pan + FDMS fly.da ; FDMSpyt:da + FDMS fiy:pan ; (2)

I:D|V|Ster;pan +FDMS flyda I:DMSter;da + FDMS fly;pan )

We then still need to account for the syllable of the word with more syllables (herebutter-
y ), which has not been included in the calculations so far. For example, if FDM$t =
FDMSpytpan + FDMS 11y.4a , then we have not yet included the syllableter in our calcula-
tions. Thus, we calculate the mean FDMS score ofer and the two syllables of the other
word, i.e., pan and da: FDMS yissing _syllable = FDMS ¢ = mean(FDMS terpan ; FDMSter:da )-
The FDMS score of the two words is then the sum of the minimum permutation dis-
tance (FDMSp7) and the distance of the syllable which is not included in the mini-
mum permutation distance (FDMSissing _syllable ), IN our example FDMSyterfly:panda =
FDMSpt + FDMS nissing _syllable = FDMS pytpan + FDMS fiy.qa + FDMS ter .

In comparison to Monaghan et al. (2010)'s FD, we changed the calculation of the dis-
tance when the two words did not have the same number of phonemes. Recall that
Monaghan et al. used the vector 1 1 in this case. FDMS uses a similar approach to

that described above for a di ering number of syllables. When we compare two words

12
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Property LD FDL FDMS
Phoneme features X X
Vowel inclusion X X
Onset-Vowel-Coda alignment X X
Syllable permutation X
Onset-Vowel-Coda shifting X

Table 3: Comparison of the properties of the di erent phonological distances which ac-
count for mono- and multisyllabic words.

with a di erent number of phonemes (e.g., /dOd and / Ed), we add the mean of the
Euclidean distances of the not-yet-included phoneme and the phonemes of the other
word to the Euclidean distances we had already calculated: FDMgyg eqq = dist(OgEQ +
mean(dist(d; B; dist(d; g)).

Another phonological distance, which is also based on FD, is Laing (2025)'s Feature
Distance (FDL). Since FDL also considers multisyllabic words, we will compare it to the
FDMS. The most important di erence to FDMS is that FDL does not include vowels in
the distance calculation because the actual vowel pronunciation of toddlers is not yet very
accurate. Another di erence to FDMS is that FDL uses the null vector 0 1 when the
phonemic length of words di ered, which is similar to FD's approach. Furthermore, the
phonemes are not realigned within onset, nucleus and coda, so that words that share a
phoneme, but do not have the phoneme at the same position (e.glpl gent/ and /l_eemp/)
are not compared with each other, but with the phoneme at the same position (e.g., /p/-
/Il and /I/- 0 are compared). With regards to multisyllabic words, the distance calculation
does not include permutations like in FDMS. Instead, the calculation takes place syllable-
by-syllable, keeping the syllable order. Thus, the distance of words likecellphone and
phonecall is calculated by comparing the syllablescell-phone and phone-call, and not
cell-call and phone-phone which would be the case in FDMS calculations.

Having introduced LD, FDMS and FDL as three di erent ways of quantifying phonolog-
ical similarity between mono- as well as multisyllabic words ( nd a comparison in Table 3),
we must be aware that it is extremely di cult to ensure an all-encompassing measure of
phonological similarity between two words. In addition to the degree of similarity between
two phonemes, other factors in uence word recognition and access, and could therefore
in uence how similar we perceive words to be. Such factors are start and rhyme of two

words (Marslen-Wilson & Zwitserlood, 1989; De Cara & Goswami, 2002) and the relevance
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of consonants and vowels (Mani & Plunkett, 2010b; Nazzi, 2005; Nazzi & Polka, 2018). To
develop a measure that represents the actual perceived similarity of two words, it is nec-
essary to investigate the in uence of many other factors, to integrate them into this new
measure and to compare the calculated similarities with perceived similarities. With the
four di erent measures presented here, we try to shed light on di erent approaches, but
we do not claim to have developed a measure for phonological similarity that we perceive
in exactly the same way.

Based on the phonological distance measures, phonological networks can be created,
with similar words being connected to one another. Words are thought to be similar
based on di erent de nitions. For example, word pairs with a Levenshtein distance of 1
(Siew & Vitevitch, 2020b) or 2 (Fourtassi et al., 2020) can be de ned as similar. In the
past, when using continuous measures such as FDL, the distances of a set of word pairs
were normalized, setting a threshold of 0.25, below which words are considered similar
(Laing, 2025). Using these thresholds, early vocabulary networks have been built and

analyzed in various studies, which are discussed in the following.

2.3.2. Literature Review on Phonological Network Growth

The rst attempt to investigate the growth of phonological networks in normally devel-
oping children was by Siew & Vitevitch (2020b). Using cross-sectional longitudinal data
from 3-to-9-year-old English and Dutch children, they found that the early vocabulary
grows predominantly in an INT-like manner. The results of EXT and LoA growth were
inconsistent regarding the language; while both EXT and LoA were signi cant predictors
of network growth in the Dutch network, they were not for English. Additionally, they
found that the growth mechanisms were more predictive of learning for younger than for
older children. Fourtassi et al. (2020) also used cross-sectional data to investigated the
productive vocabulary of 16-to-36-month old children and the comprehensive vocabulary
of 8-to-18-month-old children based on ten di erent languages. They found, in contrast
to the results of Siew & Vitevitch (2020b), that EXT, but not INT was predictive of
vocabulary growth. A third study based on cross-sectional data from 16-to-36-month-
old English-speaking children found that the early vocabulary grows in both INT- and
EXT-like ways (Ciaglia et al., 2023). In opposition to these three studies which used

cross-sectional data, Laing (2025) explored the individual vocabulary growth of nine chil-
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dren below 30 months of age. She compared actual data, i.e., the way children actually
pronounce words, with target data, i.e., the way words are supposed to be pronounced.
The results revealed that, for both actual and target data, the vocabulary networks in
these French- and English-speaking children grow in an INT-like manner, with the actual
data showing an even stronger e ect than the target data. She found no evidence for an
in uence of EXT.

More research on the development of vocabulary network growth is based on other
target groups. Using cross-sectional longitudinal data from 15-to-27-month-old English
late talkers, Beckage & Colunga (2019) found that their vocabulary network grows in INT
and LoA ways, but found no evidence of EXT. Similar results were found for English as
a second language learners; Luef (2022) showed, using cross-sectional data, that INT and
LoA were predictive of vocabulary growth, but that EXT was not.

In sum, the existing data show mixed results with regard to the role INT, EXT and
LoA play in early vocabulary growth. While the results based on individual longitudinal
data predominantly underline the role of INT, normative data seems to support EXT as
well, with one study only supporting EXT, but not INT. Furthermore, the role of LoA
has only been investigated for late talkers, second language learners and on cross-sectional

data from 3-9-year-old children.

2.4. Semantic Networks

Semantic networks shed light on the semantic connections of words in the lexicon, with
semantically similar words being linked to each other. We therefore must de ne when two

words are semantically similar.

2.4.1. Measures of Semantic Similarity

Three main measures have been used in the past to de ne what semantic similarity between
word pairs means. Semantic associations draw on lexical knowledge acquired through
experience of the world and re ect the shared lexical knowledge of many people (Nelson
et al.,, 1998). They are based on semantic association tasks in which participants are
asked which word(s) come(s) to their mind when they hear a target word (e.g.,dog).

Discrete word association tasks only allow for one word as an answer (Nelson et al., 1998),

while continuous association task encourage multiple associations (Cofer, 1958). Word

15



|. Introduction

association tasks reveal immediate, intuitive connections between words. When we want
to know how similar two words are based on semantic associations, we compare the list
of associations of these two words. If we were to compamog and cat, we would compare
the association list [cat, bone pet] with the list [ dog whiskers pet]. As these two lists
exhibit overlap in associations, they would be considered more similar to each other than
to chair, which does not overlap in its associations (e.g.,flirniture , wood table]) with any

of the words.

Another measure for semantic similarity is based on semantic word features (Anderson
& Nagy, 1989). Semantic features include the basic properties of words, which are, among
others, animacy, category, size, shape, function. For example, some of the the semantic
features ofdog are [+ANIMATE, +ANIMAL, +FOUR-LEGGED, +BARKS], the features
of cat are [+ANIMATE, +ANIMAL, +FOUR-LEGGED, +MEOWS], and the features of
chair are [-ANIMATE, +FURNITURE, +FOR SITTING, +FOUR-LEGGED]. When we
now compare the features ofdog cat and chair, we nd that dog and cat share more
features than dog and chair, which results in a higher semantic similarity for dog and cat
compared to the other word pair.

Finally, word embeddings are a type of word representation used in natural language
processing (NLP), which are based on the Distributional Hypothesis which states that
similarity in meaning results in similarity in linguistic distribution (Harris, 1954). NLP-
models like Word2Vec (Mikolov et al., 2013), GloVe (Pennington et al., 2014) or fastText
(Bojanowski et al., 2017) capture semantic meaning by analyzing in a large text corpus,
in which contexts a word appears. While di erences between the models exist, the general
idea is to count how often a word occurs in the environment of the target word. Dependent
on the underlying goal, the environment of the target word can be set smaller or broader.
For example, a small environment such as 3 words would include all words which occur up
to 3 words before and after the target word. A broader environment could include more
words up to the paragraph or the whole text the word appears in. The number of times a
word appeared in the target word's environment is then stored in a vector along all other
words. For our three exemplary wordsdog cat and chair, we would get, for example, the
following vectors, but in a much higher dimension: Cat: (0.8, 0.9, 0.1), Dog: (0.7, 0.8,
0.2), Chair: (-0.4, -0.1, 0.6). Using a vector similarity measure like the cosine distance,

the similarity between vector pairs is calculated to get information about the similarity
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degree of the words (Lenci, 2018).

In summary, the three semantic similarity measures focus on di erent aspects of se-
mantic similarity. Word associations provide a subjective view of relatedness, while word
features o er a structured, categorical perspective of similarity. In contrast, word embed-
dings represent a nuanced contextual similarity based on co-occurrence in large language
data. If we want to use these methods to explore meaning in children, we must know about
their limits. Word associations are predominantly based on association tasks with adults,
but children and adults do not necessarily share the same associations. Word features
require a complex categorical understanding of the words, which may not be developed
in children. Finally, word embeddings are often times based on adult-directed resources
such as Wikipedia. The language in which Wikipedia is written does not resemble the
language children are surrounded by or use. While all three measures demonstrate their
limits with regards to a child's understanding of a word's meaning, they still approximate

their meaning.

2.4.2. Literature Review on Semantic Network Growth

The rst investigation of semantic network growth happened much earlier than the rstin-
vestigation of phonological network growth. In 2009, Hills et al. (2009) used cross-sectional
longitudinal data from 16-to-30-month-old English children and found evidence for EXT
and LoA, but not for INT. Similar results were found by Cox & Haebig (2023) who also
used cross-sectional data from 16-30-month-old English children, and additionally states
that the use of child-directed speech could improve the predictive power of EXT. Fourtassi
et al. (2020) used cross-sectional comprehension data from 8-to-18-month olds and pro-
ductive data from 16-to-36-month-olds from 10 di erent languages and found evidence for
EXT, but not for INT. In contrast, Ciaglia et al. (2023) found that the early vocabulary of
16-to-36-month-old English children grows in INT- and EXT-like ways, but that EXT has

a stronger impact than INT. The only exploration of semantic vocabulary growth using
individual longitudinal data is based on data from late talkers. Using data from English
15-to-27-month-olds, Beckage & Colunga (2019) found that all three growth mechanisms
are predictive of vocabulary growth, and a word learning experiment with adults found
evidence for an INT-like vocabulary growth (Mak & Twitchell, 2020).

As was the case for phonological network growth, the exploration of semantic network
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growth has not been conclusive, with con icting results, a lack of individual longitudinal
data from typically-developing children and only two investigations of the LoA growth

scenario.

Taken together, the inconclusive results of previous research call for an analysis of
individual longitudinal vocabulary growth based on data from typically developing children
that include both phonological and semantic similarity relations between words as well as

their interaction.

3. Focus of this thesis

As described in the previous sections, the early lexicon grows quickly within the rst
years of life, with external factors and internal structures in uencing word acquisition.
The words in the lexicon are not stored in isolation, but are organized through links be-
tween phonologically and semantically similar words. This organization allows for quick
word retrieval and is likely to in uence which words children learn next. The in uence
of vocabulary network structure on lexical acquisition has been investigated by explor-
ing three mechanisms which aim to explain vocabulary growth: Preferential Acquisition
(EXT) states that words which are well connected in the child's environment are learned
next, while Preferential Attachment (INT) assumes that words which are connected to
highly interconnected words within the child's lexicon will be acquired next. The Lure of
Associates (LoA) expects that words which have the most connections to already learned
words will be learned next.

While INT, EXT and LoA have been explored in a growing number of studies, there is no
consensus which of them actually explains the growth of the early vocabulary. This could
be due to the type of data used: Many of the studies investigated vocabulary growth using
cross-sectional data, despite two of the growth mechanisms (INT, LoA) being based on
the individual child's lexicon. Therefore, we need more analyses of vocabulary networks
based on large-scale individual longitudinal data. Moreover, and despite the growing
number of studies using individual longitudinal data, research so far has only explored
how the average child's vocabulary network grows, and no one has investigated whether
the vocabulary networks of di erent children grow in di erent ways. Therefore, potential

individual di erences in the extend to which children use INT, EXT or LOA, i.e., whether
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some children's networks grow in a predominant INT way while others in EXT or LoA
ways are unknown and should be investigated. Furthermore, phonological and semantic
network growth have only been examined separately, regardless of various reasons that
similarity in sound and meaning should be investigated jointly: First, children need to
learn the sound and the meaning of words and create links to other words in phonology and
semantics concurrently. Second, simultaneous similarity in sound and meaning in uences
word recognition (Arias-Trejo et al., 2025), and could therefore also play a role in lexical
acquisition. Third, the inclusion of both semantic and phonological structures leads to
better predictions in models of early word acquisition (Stella et al., 2017). Therefore,
the joint investigation of phonological and semantic networks is an important matter
that should be addressed. In addition, while most research explores English learning
children, the few studies on other languages nd inconsistent results based on the language
under investigation (compare Siew & Vitevitch 2020b's results on English and Dutch).
Adding a language other than English could provide clues as to whether the mechanisms
of vocabulary network growth are modulated by language. Lastly, we know that the lexical
development is in uenced by socio-economic factors, and could therefore also in uence the
growth of the early lexicon. Yet, this has not been explored so far.

Against this background, this thesis explores how the structure of the early lexicon

develops. Speci cally, the aim of this thesis is to answer the following research questions

(RQ):
RQ 1 Is vocabulary growth best predicted by INT, EXT or LoA growth scenarios?

RQ 2 Is phonological and semantic network growth similarly predicted by INT, EXT

or LoA?

RQ 3 Does semantic network structure predict phonological network growth and vice

versa?
RQ 4 Do birth order and maternal education modulate the impact of INT and EXT?
RQ 5 Do INT, EXT and LoA similarly predict vocabulary growth of individual chil-

dren?

The investigation of all research questions is based on individual longitudinal vocabulary
data from Norwegian children, thus addressing the issue about cross-sectional data in past

research and adding another language to the exploration of early lexicon growth { which,
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to date, has only been studied once using cross-sectional data (Fourtassi et al., 2020).
The research questions are addressed in two papers and one additional study, which
are presented in chapter II, Il and IV of this thesis and summarized in the following
section 4. The rst paper The development of early phonological networks: An analysis of
individual longitudinal vocabulary growth investigates the role INT and EXT play in the
growth of the early phonological network (RQ 1). Furthermore, it asks whether individual
di erences between children, such as birth order and maternal education, modulate the
e ect of INT and EXT (RQ 4). The second paper The interplay of vocabulary growth
mechanisms in sound and/or meaningadds semantic connections and the third growth
scenario, LoA. Speci cally, it examines the role of INT, EXT and LoA in early lexical
acquisition (RQ 1) in phonological and semantic networks (RQ 2) and explores possible
interactions between them (RQ 3). The additional study Individual strategies in the de-
velopment of early phonological and semantic vocabulary networlexplores whether INT,
EXT and LoA similarly predict vocabulary growth in individual children's vocabulary
networks, or if some children's networks grow predominantly in one way while others grow

mostly in another way (RQ 5).

4. Summary of the three main chapters

The three main chapters (I, Il and 1V) of this thesis explore the development of early

vocabulary networks by using individual longitudinal data from Norwegian children.

Chapter II: The development of early phonological networks: An analysis of

individual longitudinal vocabulary growth

Chapter Il lays the groundwork by isolating phonological dynamics and investigating in-
dividual di erences. It explores the role INT and EXT in the growth of the early phono-
logical networks, and asks whether individual di erences between children, such as birth
order and maternal education, modulate the e ect of INT and EXT. The results show
that early phonological networks predominantly grow in a rich-get-richer way (INT), but
that phonological similarity in the child's environment also facilitates learning (EXT).
The extend to which children leverage word learning through INT and EXT mechanisms
is moderated by the child's birth order and their mother's educational attainment. More

speci cally, children with more older siblings rely more on internal and less on external

20



|. Introduction

similarity structures than children without older siblings. The networks of children with
more highly educated mothers grow more following INT mechanisms and less following

EXT mechanisms than children with lower educated mothers.

Chapter IlI: The interplay of vocabulary growth mechanisms in sound and/or

meaning

Chapter Il provides a broader perspective on the development of early vocabulary net-
works, demonstrating how phonological and semantic network structure interact in vocab-
ulary network development. It also examines a third mechanism, LoA, in addition to INT
and EXT. The results highlight the multi-mechanistic and interwoven process of vocab-
ulary learning: INT and LoA predominantly shape the development of early vocabulary
networks, and EXT only plays a minor role. In phonological networks, INT and EXT
have a positive e ect on the learning of new words, while LoA negatively impacts word
learning. In semantic networks, words with high INT or LoA values are learned earlier,
while high EXT values increase learning probability early in development, but decrease it
later on. The combined analysis of phonological and semantic networks show mainly two
e ects that stayed obscure in separate analyses. First, in the beginning of word learning,
and when children have no semantic information to leverage word learning, phonological
similarity to already learned words (LoOA) has a facilitating e ect. Second, words that are
semantically similar to many already learned words are learned earlier than words that
are semantically and phonologically similar to many words in the lexicon (LoA). Like-
wise, already learned words that are semantically similar to many other already learned
words attract new similar words more strongly than those that are both semantically and

phonologically similar to many previously learned words.

Chapter IV: Individual strategies in the development of early phonological

and semantic vocabulary networks

Chapter IV provides an individualized view on the development of early vocabulary net-
works by analyzing growth in individual children. The ndings show that di erent chil-
dren's networks grow to di erent degrees following INT, EXT and LoA mechanisms, indi-
cating that di erent children use similarity structures from their environment and lexicon

to di erent degrees to leverage word learning. While most children's vocabulary learning
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is positively in uenced by both internal and external similarity structures, some children's
phonological networks growth is negatively in uenced by external or internal similarities.
However, all children leverage word learning with at least external or internal similarities.
Children who rely more strongly on semantic similarity in one area (INT, EXT, or LoA)

also tend to do so in the other areas.
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Abstract  While much work has emphasized the role of the environment in lan-
guage learning, research equally reports consistent e ects of the child's knowl-
edge, in particular, the words known to individual children, in steering further
lexical development. Much of this work is based on cross-sectional data, assum-
ing that the words typically known to children at n months predict the words
typically known to children at n+x months. Given acknowledged variability

in the number of words known to individual children at di erent ages, a more
conclusive analysis of this issue requires examination of individual di erences
in the words learned by individual children across development, i.e., using lon-
gitudinal data. In the current study, using longitudinal vocabulary data from
children learning Norwegian, we ask whether the phonological connectivity of
a word to words that the child already knows or words in the child's environ-
ment predicts the likelihood of the child learning that word across development.
The results suggest that the early vocabulary grows predominantly in a rich-
get-richer manner, where word learning is predicted by the connectivity of a
word to already known words. However, word learning is, to a lesser extent,
also in uenced by the connectivity of a word to words in the child's linguistic
environment. Furthermore, we found that children of mothers with higher ed-
ucational attainment and who were the older siblings in the family rely more
on internal connectivity of words. Our results highlight the promise of using
longitudinal data to better understand the factors that in uence vocabulary

development.
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1. Introduction

Recent approaches to language development take recourse to the characteristics of the
environment in attempting to explain the pattern of language acquisition. For instance,
with regards to lexical development, studies suggest that the number of words that the
child is exposed to in their (caregiver) input predicts the child's expressive vocabulary
development (Hart, 1991); the quality of speech directed to children, i.e., whether speech
is produced in an infant-directed or child-directed manner, predicts language processing
and development (Weisleder & Fernald, 2013; Outters et al., 2020); and infants' early
babbling has been shown to adapt to their caregiver's productions (Laing & Bergelson,
2020; Goldstein & Schwade, 2008). The environment may also shape or trigger specic
biases in children, such that exposure to certain objects or events in their input may lead
to children following such biases in their subsequent language acquisition. For instance,
children learn words easier when they know many other words that sound similar to
(Newman et al., 2008) or overlap semantically with (Ackermann et al., 2020; Borovsky et
al., 2016) the to-be-learned word and segment words from uent speech easier when they
sound similar to already known words (Altvater-Mackensen & Mani, 2013). A similar
trend is noticed in early productions, with early words being adapted to match previously
familiar structures that the child can already produce well (Deuchar & Quay 2000, c.f.
Ferguson & Farwell 1975; Vihman 2019). Thus, what children already know may shape the
course of what children are likely to learn next, in interaction with the environment. Taken
together, this body of work suggests that frequent and/or well-rehearsed patterns may be
recognized or produced more easily, due to infants' familiarity with these patterns. In
subsequent learning, infants can then leverage such familiarity in learning new words that
share features with these familiar words (Baralasi & Albert, 1999; Mani & Ackermann,
2018), although, as we discuss next, accounts di er with regards to whether infants need
to merely be exposed to these words in their input or need to already know these words,
i.e., understand the meaning of and/or produce these words.

Broadly speaking, the evidence brie y outlined above is consistent with prominent theo-
ries of lexical acquisition in early development. Thus, one set of theories, typically referred
to as theories of preferential acquisition (Hills et al., 2009; Fourtassi et al., 2020), suggests
that word learning is driven by the the degree of similarity of a word to be learned to

words in the child's environment. Thus, words that overlap phonologically or semantically
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with highly connected words in the child' environment, i.e., words that themselves share
features with many other words in the child's environment, are more likely to be learned
next than words sharing features with less connected words in the child's environment.
Following Fourtassi et al. (2020), we will refer to preferential acquisition as EXT to em-
phasize the external role of the input to the child in this growth scenario. Theories of
preferential attachment, on the other hand, suggest that children are more likely to learn
words that are similar to words they already know that are highly connected in their
vocabulary networks (Baralasi & Albert, 1999; Steyvers & Tenenbaum, 2005). Again, in
keeping with Fourtassi et al. (2020), we will refer to preferential attachment as INT to
highlight the internal role of the words known to the child in this growth scenario. A
number of studies have examined the psychological reality of the above suggestions by
examining the pattern of development and vocabulary network growth in vocabulary data
from children at di erent ages. In particular, these studies have examined whether the
(predominantly) semantic connectivity of words that the child already knows (preferen-
tial attachment, INT) or words in the child's environment (preferential acquisition, EXT)
predict the likelihood of the words that children will learn next. 2

As we detail below, some of these studies nd evidence for INT while others nd evidence
for EXT. There are, however, a number of critical di erences between these studies that
call for further investigation of this issue. In particular, almost all studies use cross-
sectional data rather than longitudinal data of the words that individual children acquire.
However, di erent children learn di erent words at di erent points across development. In
their characterization of German 20-month-olds as Bar (bear) and Bagger (digger) babies,
Mani & Ackermann (2018), for instance, note that of the children who knew only one of
these words, roughly half of them were reported to know the wordBar but not Bagger,
while the other half knew the word Bagger but not Bar. Thus, there are di erences in the
individual words known to individual children across development. If we want to capture
the in uence of the words known to children on vocabulary growth, it is imperative that we
look at the words actually known to individual children rather than relying on normative
vocabulary data for the average child. Thus, there is a need for longitudinal investigation
of the extent to which INT and EXT shape growth in the vocabularies of individual

children (see Fourtassi et al. 2020; Hills et al. 2009; Siew & Vitevitch 2020b). Against this

20ther growth scenarios have also been discussed in past research, but only for semantic network growth,
not for phonological networks.
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background, the current study will examine how INT and EXT shape vocabulary growth
using data of the individual words known to individual children in a large longitudinal
dataset of the words known to Norwegian children from 16 to 36 months of age.

Furthermore, most of the studies to-date { aside from three notable exceptions described
in detail below { have examined how the semantic connectivity between words shapes lex-
ical development. Given the wealth of evidence documenting the in uence of phonological
connectivity on early word learning (reviewed below) and the critical role of phonologi-
cal development in early lexical acquisition, there is a need to examine how phonological
connectivity shapes the pattern of early vocabulary growth. Against this background, the
current study examines how phonological connectivity between words in individual chil-
dren's lexicons and the environment shapes vocabulary growth using longitudinal data of
children's vocabulary development.

Finally, given the richness of the longitudinal dataset we consider here, we also exam-
ine the extent to which inter-individual di erences between the children in terms of the
mother's highest level of education, the child's birth order and age predict vocabulary
growth patterns. Thus, we included maternal education levels and child birth order, given
that both these factors have been shown to in uence both the quality of input available
to the child and the number of words known to the child, which, in turn, may in uence
the specic growth mechanism driving learning. Furthermore, we included age in the
interaction given previous research examining the dynamics of growth principles across
development (Siew & Vitevitch, 2020a,b). This allows us a unique opportunity to ex-
amine the extent to which speci ¢ socio-demographic variables may in uence the growth
mechanism driving learning in individual children.

In what follows, we rst provide a brief introduction to the concept of vocabulary net-
works before describing the pattern of vocabulary growth proposed by preferential attach-
ment and preferential acquisition (henceforth, referred to as INT- and EXT-vocabulary
growth respectively), followed by a review of studies examining this issue and the di erent

measures of phonological distance they employed.

1.1. Vocabulary Networks

Vocabularies are often represented as networks, where individual words, typically repre-

sented as the nodes of the network, are connected to one another, via the edges of the
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Figure 6: Example for a simple network

network, based on di erent features of overlap or similarity between these words. Network
growth analysis has recently been used to to investigate the factors in uencing the pattern
of vocabulary growth in young infants and children (e.g., Hills et al. 2009; Fourtassi et al.
2020; Laing 2025). Figure 8 shows an example for a simple network. The circles are the
nodes or the elements of the network and the lines between them the connections between
these elements. When we represent a child's vocabulary and the words in its environment
as a network, each element in the network represents a word. In Figure 6, words Al-A4
are already learned words and thus represent the lexicon of a child. Words N1-N3 are
yet-to-be acquired and would be new additions to the lexicon of the child. When we in-
vestigate phonological networks, the connections between words highlight that the words
share a critical degree of phonological overlap. In other words, similar sounding words are
connected with each other. In Figure 6, word A4 is phonologically similar to words A1-A3
and N1, but not to N2 or N3.

Networks are described using certain key dimensions. Network density measures the
proportion of actual connections to possible connections, with denser networks have a
greater proportion of connections between words relative to sparser networks. The average
path length of a network indicates the average number of steps needed to connect any two
nodes within the network. The biggest subset of nodes where there is a path between any
two nodes is typically referred to as the largest connected component of the network. This
does not have to be a direct connection between two nodes; it can include intermediate

connections, such as when node A is connected to node B and node B is connected to

SVisualizations in Figure 1-3 are inspired by Hills et al. (2009)
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C, forming a path between word A and C. The number of hermits indicates how many
nodes are not connected to any other node in the network. Finally, the greatest distance
between any two nodes when considering the shortest path between each pair of nodes is

referred to as network diameter.

1.2. INT-vocabulary growth scenario

There is a large body of work suggesting that the words that children already know
in uence how children process and learn other related words (see Mani & Ackermann,
2018, for a review). This work nds that children learn words that semantically overlap
with (many) words they already know (and are interested in) easier than words that overlap
with fewer words (Borovsky et al., 2016; Ackermann et al., 2020). Altvater-Mackensen &
Mani (2013) nd that children are able to segment words from the uent speech stream
easier when these words sound similar to word-forms they are familiar with. Similarly,
children recognize words more robustly if they overlap phonologically (Mani & Plunkett,
2011; Altvater-Mackensen & Mani, 2013), semantically (Arias-Trejo & Plunkett, 2010) or
if their referents overlap visually (Bobb et al., 2016) with words that the child already
knows. With particular regards to how phonological neighbors in uence word learning,
studies nd that words with multiple phonological neighbors are easier to learn than words
with fewer or no phonological neighbors (Newman et al., 2008; Storkel, 2004). Finally,
there is a rich literature on early word productions that suggests that children's rst words
typically overlap phonologically (McCune & Vihman, 2001) and that children' familiarity
with producing certain structures in uences their perception of such structures in the
input (DePaolis et al., 2011; Majorano et al., 2014).

The studies brie y reviewed above are in keeping with theories suggesting that lexical
development follows the power law distribution. Thus, these theories propose that children
learn words that are similar to words they already know that are highly connected in their
vocabulary networks, i.e., are themselves similar to many other words already known
to the child (INT-vocabulary growth scenario, Fourtassi et al. 2020, otherwise known
as preferential attachment, Barakasi & Albert 1999, Steyvers & Tenenbaum 2005). We
illustrate this using an example network in Figure 7. As noted above, words Al-A4 are
already learned words and thus represent the lexicon of a child. Words N1-N3 are yet-

to-be acquired and would be new additions to the lexicon of the child. Were N1 to be
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Word  INT-value

N1 3

1+242 — 1.
N2 22 -7
N3 2

Figure 7: Visualisation of the INT growth scenario. The edges between nodes;; n; with
ni;n; 2 fAL A4 N N3g ng 6 nj only exist if dist(nj;nj)  0:25 (note
that the distance metrics are de ned in Section 1.5). The table shows the calcu-
lation of the INT-values. The word with the highest value is highlighted in gray
and hypothesized to be learned next.

learned, this word would connect to A4 in the existing network, which is connected to
three other already learned words. Thus, N1 would have an INT-value of 3, representing
the connectivity of words N1 is similar to. N3 would be connected to one word, namely A3,
which is connected to 2 already learned words. Therefore, the INT-value of N3 is 2. N2,
however, would be connected to three di erent words, Al, A2 and A3. Al is connected
to A4, while A2 and A3 are each connected to two other words (each other and A4). As
the INT-value of a new word is the mean value of all connected words, we need to take
the mean value of Al, A2 and A3 to get the INT-value of N2, which is 1.7 (see Figure
7 for the calculation). Given that the INT-vocabulary growth scenario suggests that the
word with the highest INT-value will be acquired next, in our example, this would be
max(INT (N1);INT (N2);INT (N3)) = max(3;1:7;2) = 3, i.e., the word N1 would be

learned next in an INT-vocabulary growth scenario.

1.3. EXT-vocabulary growth scenario

At the same time, much prior research suggests that the statistical properties of the child's
environment play an important role in learning (Saran et al., 1996; Hart, 1991; Smith
& Yu, 2008). Thus, the frequency with which children hear particular words and how
often words co-occur with objects in their environments predicts how easily children learn
words and their meanings (Saran et al., 1996; Smith & Yu, 2008). Similarly, infants’
segmentation of words from uent speech is in uenced by the quality of speech directed

to them (Weisleder & Fernald, 2013; Outters et al., 2020). In terms of early productions,
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Word EXT-value

N1 2
N2 4
N3 3

Figure 8: Visualization of the EXT growth scenario. The edges between nodes;n;
with nj;n; 2 AL A4N 1 N3g ni 8 nj only exist if dist(ni;n;) 0:25
(note that the distance metrics are de ned in Section 1.5). The table shows the
calculation of the EXT-values. The word with the highest value is highlighted
in gray and hypothesized to be learned next.

studies suggest that the number of words that the child is exposed to in their input predicts
the child's expressive vocabulary development (Hart, 1991). Even the properties of infants'
babbling appears to be shaped by their input, with infant babbling adapting to auditory
prompts provided by their caregivers, i.e., aligning with the phonological form of their
caregiver's productions (Laing & Bergelson, 2020; Goldstein & Schwade, 2008). Given
this powerful role of the input in driving early learning, another set of theories suggests
that children learn words easier that are similar to words that are highly connected in the
child's learning environment (EXT-vocabulary growth scenario (Fourtassi et al., 2020),
preferential acquisition in semantic networks (Hills et al., 2009)), i.e., regardless of whether
the words are already known to the child or not.

Figure 8 shows the same exemplary network as before. All words are in the environment
of the child, and therefore, all words in uence the likelihood of a word to be learned,
regardless of whether they are known to the child or not. N1 connects to both A4 (in
the existing network) and N3 (in the end-state network). Therefore, the EXT-value of N1
would be 2. N2 has an EXT-value of 4, because it connects to A1-A3 and N3. Finally,
N3 has links to A3, N1 and N2, and its EXT-value is, therefore, 3. In an EXT-vocabulary
growth scenario, the word that is connected to the most words in the child's environment
would be learned next. Therefore, word N2 would, therefore, be learned next, because
max(EXT(N1), EXT(N2), EXT(N3)) = max(2, 4, 3) = 4.

Estimates of the words in the child's environment are di cult to obtain. Therefore,

the presence of words in the environment of the child is typically assumed based on their
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inclusion in vocabulary inventories { the so-called end-state network (Fourtassi et al., 2020;
Hills et al., 2009). In other words, vocabulary inventories typically include words that are
likely to be learned by children at the upper end of the age spectrum for that inventory

(the end-state) and are, therefore, likely to be in the input to the child.

1.4. INT and EXT in past research

The role of INT- or EXT-vocabulary growth scenarios in phonological networks of children
has been examined recently by Fourtassi et al. (2020), Laing (2025), Beckage & Colunga
(2019) and Siew & Vitevitch (2020b). Surprisingly, the di erent studies came to di erent
conclusions: Fourtassi et al. (2020) found evidence for EXT-vocabulary growth in their
analyses, while Laing (2025) found that phonological networks grow in an INT-like manner.
Neither of the studies found any evidence for the other growth scenario. Siew & Vitevitch
(2020b) found evidence for both INT and EXT-vocabulary growth scenarios in children
between 3 and 9 years of age, while also nding that INT had a greater impact on the
growth of phonological networks. Beckage & Colunga (2019) looked into longitudinal data
from late talkers and suggest that an e ect of INT on phonological and semantic network
growth can only be found when we consider longitudinal data from individual children.

There are a number of potential reasons for the di ering results across studies. First, the
authors estimated the phonological similarity between words in di erent ways: Fourtassi
et al. (2020) used Levenshtein distance, Laing (2025) used the phonetic distance between
phonemes in the words, while Siew & Vitevitch (2020b) examined minimal pairs, i.e., words
were considered to be phonologically similar if they could be transformed to the other
with the substitution, deletion or addition of a single phoneme (Luce & Pisoni, 1998). We
describe these methods in more detail in the supplementary materials. Second, there are
key di erences in the datasets entered into the analyses. Fourtassi et al. (2020) and Laing
(2025) examined vocabulary growth at one-month intervals relative to the yearly intervals
examined in Siew & Vitevitch (2020b). Fourtassi et al. (2020) used cross-sectional CDI
data from wordbank (Frank et al., 2017), Laing (2025) used longitudinal data of (nine)
children's productive vocabularies in two di erent languages (French/English). Siew &
Vitevitch (2020b) used the Amazon Mechanical Turk platform and Brysbaert et al. (2014)
as the basis for their analyses and looked at an older age group (3-9 years of age).

Importantly, Laing (2025) is the only study thus far to examine longitudinal data from
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typically developing children, albeit from only 9 children. Indeed, most of the studies that
have examined the role of these factors on lexical acquisition have used normative data,
i.e., based their conclusions on averaged data from many children. Thus, at each age, they
approximated an average lexicon of words known to children at that age and examined
the factors in uencing the words acquired next, i.e., at the next observation, also based
on the average lexicon of words known to children at that age. Since di erent children
learn and retain di erent words at di erent points across development (see Chi & Koeske
1983; Ackermann et al. 2020; Rothwell et al. 2023), a more appropriate test of the role of
these factors on the pattern of lexical acquisition would be to examine longitudinal data
(see Vitevitch 2008; Fourtassi et al. 2020; Hills et al. 2009 for similar arguments).

In an attempt to resolve these di erences, the current study will examine the role of
INT- and EXT-vocabulary growth scenarios on learning in phonological networks. We
present key advances on the literature to-date in the analyses reported here. First, we use
longitudinal data, in order to examine individual vocabulary growth and how the phono-
logical similarity of words known to individual children impacts the pattern of vocabulary
growth. This allows us to uniquely estimate the in uence of the words known to individual
children on subsequent vocabulary development, relative to the predominantly normative
work thus far. At the same time, this also allows us to examine how inter-individual
di erences between children, e.g., the mother's educational background and the child's
birth order in uence the pattern of vocabulary growth in individual children. Finally, we
examine the dynamics of the individual growth scenarios (Siew & Vitevitch, 2020a) by
tracking them across development, i.e., examining the extent to which the in uence of
INT- or EXT-vocabulary growth scenarios changes across development.

Note that we used di erent measures of the phonological similarity between words in
order to compare the pattern of results obtained using such estimates in the literature
thus far. In particular, we calculated the INT- and EXT-values three times, based on
three di erent phonological similarity measurements (cf. Section 1.5). While we report
the results using our main measure of phonological similarity, we note that we obtained
very similar results (reported in the supplementary materials) using the other measures we
examined. Furthermore, as in the studies reviewed above (Fourtassi et al., 2020; Hills et
al., 2009), we used the end-state network as the proxy for the EXT-values. While we could

have chosen the last observation of each child as its nal network, this led to considerable
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variability in the number of words in the nal network, since the nal observations were
at di erent ages for di erent children. Since all children will know all words in the CDI at
some point, we decided { in keeping with previous research { to take the whole CDI, the
end-state network as our nal network. In what follows next, we describe the measure of

phonological similarity used in the current study.

1.5. Phonological similarity

The phonological distance between words gives us a measure of how similar two words
sound. The question of how best to capture the phonological similarity between words
has been a matter of some debate for many years. Luce & Pisoni (1998), for example,
discuss various ways of calculating the phonological similarity between words. However,
the question is by no means easy to answer, as there are many dimensions of phonological
similarity that need to be considered in calculating such metrics, including, for instance,
how similar the sounds of two words are, the relevance of the onsets and ends of words
(Marslen-Wilson & Zwitserlood, 1989; De Cara & Goswami, 2002), and the relevance of
consonants and vowels to word recognition (Mani & Plunkett, 2010b; Nazzi, 2005; Nazzi
& Polka, 2018), among others. This is especially so, since the di erent measures used
may tap into di erent cognitive and linguistic aspects of phonological similarity and may

be tailored to specic psycholinguistic questions (Castro & Vitevitch, 2023). Against
this background, we included three di erent measures of phonological similarity in the
current study that have been used in the literature to date. Since the results from the

di erent measures did not di er considerably from one another, here, we focus on our main
measure, which was an extended version of the phoneme feature distance by Monaghan et
al. (2010). The results with the other measures, including correlations between measures
and our reasoning for focusing on the current measure, are presented in the supplementary
materials. In what follows next, we present our main measure in more detail.

Phoneme feature distance is calculated based on IPA transcriptions of the words to be
compared. Phoneme feature distance, as proposed by Monaghan et al. (2010), however,
only considered mono-syllabic words. We, therefore, adapted the computations for multi-
syllabic words, which we henceforth refer to as FDMS (Feature Distance Multi Syllabic).

In particular, we split the words into their constituent syllables, which we further split into

their constituent segments onset, nucleus and coda (see Table 4, row 2 and 3), allowing
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Word/Syllable Onset Vowels Coda
skul s k _ u -
so@ s _ O u o
sd@ fo_ @ o

Table 4: Example of how syllables were split into their constituent onset, vowels and coda.
The words used here argskul] and [souf@]

for three phonemic slots for onset, two for vowels and three for the coda per syllable.
Syllables in monosyllabic words (see Table 9, row 1) are compared with one another by
repositioning the phonemes of each syllable such that they result in the minimum distance
between the phonemes of the two syllables. In order to calculate the distance between
two phonemes, each phoneme is characterized by a feature vector (using the phoneme
features provided by Stanford Phonology Archive (SPA) (2019) based on Kristo ersen
(2000), which allows computation of the di erence between the value assigned to a feature
for each lled phoneme slot. The Euclidean distance between the two phonemes is then
computed as the square root of the sum of squared di erences between the values of the
features of the phonemes (c.f. Figure 9). Next, the sum of the Euclidean distance between
corresponding phonemes in each word is calculated. Furthermore, when two syllables have
a di erent number of phonemes (e.g.,[bEr] and [br@d), we take the phonemes which have
not been included in the distance calculation at that point and calculate the mean of the
distances between this phoneme's feature representation and all other phonemes' feature
representations of the other word. For example, if we already comparedb/-/ r/, | H-I @
and /r/-/ d/ of the words [bEr] and [br@d] then the /b/ of [br@d]has not been included
so far. We therefore calculate the Euclidean distances ofb/-/ b/, / b/-/ e and / b/-/ r/
and add the mean distance of them to the Euclidean distances we had already included
(/bl-l v, I H-/ @and / r-d/). We constrain our alignment within onset, vowel and coda
segments. Thus, we always compare onsets with onsets, vowels with vowels and codas
with codas*

In considering multi-syllabic words, additional computations were necessary. This is
particularly important for words that contain the same or similar syllables, but do not

have them in the same position in the word. For example, the wordgootball and ballgame

“Norwegian words are stressed on the rst syllable, and stressed parts of words are included in word
production more than unstressed syllables (Archibald, 1995). As the comparison of all possible syllable
combinations between the word pairs does not keep the syllable order, we decided to not take this stress
pattern into account.
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k K ae u t P
0 1 0 0 1 0 1 0 1 0
fl f]_ f]_ fl fl 1:l
f11 f1a f11 f1a f11 f1a
pp pR pp__
FDkk = i(fiy, fi,)? | FDaeu = i(fie fi,)? | FDyp = i(fi, fip)2
_ FDyk +FDaeu +FDy
FDcatcup = ma)l:?len(cat);len(cupl)g

Figure 9: Example for the Euclidean distance of phoneme features based on FD. The
phonemes of the words catand cup next to each other with their 11 phonolog-
ical featuresfq;::f11;f; 2 f 1;0;1g (based on Harm & Seidenberg 1999 The
Euclidean distance between each phoneme pair is calculated.

include the word ball. If we were to compare these two words syllable-by-syllable in
the order in which they appeared in the words, we would compareoot with ball and
ball with game which results in the phonological distance being higher than it should
be despite two syllables in the word being exactly the same. We, therefore, calculated
the sum of the phonological similarity of all syllable permutations of word 1 and word 2
(i.e., [FDMStoot bal *+ FDMS pai gamel, [FDMS pai bai + FDMS o0t gamel), With the
combination whose FDMS score is the lowest f DMS pa bat + FDMSgot game) then
serving as our nal FDMS score.

If word 1 and word 2 do not have the same number of syllables, e.gfpotball and straw-
berry, we calculate the phonological distance of all syllable permutations, i.e. Troot straw
+ PToall berls [P Troot straw + PToall ryls [P Troot ber * P Toall straw I: [P Troot ber * P Toanl ryls
[PTioot ry + PToan strawls [PTroot ry + PToan ber]. The pairing with the lowest PT
score is then the basis of further calculations. Thus, if P Tioot sraw * P Toai ber] has
the lowest PT score of the six permutations noted above, we calculate the mean PT score
of [PTioot ry] and [P Tpan ry], Which is then added to the PT score of P Tioot straw +
P Tphan ber] for the nal FDMS score.
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2. Methods

2.1. Data

We used the Norwegian longitudinal vocabulary corpus (Words and Sentences) from word-
bank (Simonsen et al., 2014; Frank et al., 2017). Relative to other languages that have
been the focus of investigation on studies on the role of INT and EXT on vocabulary
growth (e.g., English and French), Norwegian has a comparable phoneme inventory size
(English: 41, French: 37, Norwegian: 40). Furthermore, despite there being few di erences
in the number of syllables per word (English: 1.32, French: 2.19, Norwegian: 1.6) and
phonemes per syllable (English: 2.68, French: 2.47, Norwegian: 2.58) across the languages,
there appear to be more phonemes per word in Norwegian (4.12), relative to English (3.4)
and French (3.11); (Fenk-Oczlon & Pilz, 2021). Thus, there may be slightly increased
phonological complexity in words in Norwegian relative to other languages studied thus
far. We downloaded the corpus using the R package wordbankr; all following steps were
implemented in Python 3.8.2. The data frame contains data from 8,753 observations of
4,609 di erent children with regards to which of the 731 words (in the inventory) a child
already produces at each individual observation. Since our focus was on longitudinal vo-
cabulary development, we deleted all data from children with less than ve observations,
which resulted in us considering data from 326 children with 2,155 observations (average
observations: 6,61). The data contains 150 female and 176 male children. The age range
of the children was 17-36 months (mean age: 26.27 months) over all observations, and the
rst observation took place between 17-29 months (average: 20.93 months). The mothers
had di erent educational backgrounds, but were biased towards higher education (College:
165, Graduate: 109, Secondary: 49, Primary: 3). Furthermore, given our focus on the
phonological distance between words, we deleted all multi-word expressions from the data
(a whole list of deleted words can be found on OSH, leaving us with data for 699 words
for each child at each observation. We retrieved the IPA-transcriptions of the words using
the NLB Pronunciation Lexicon for Norwegian Bokmal (Norwegian Library of Talking
Books and Braille, 2018). Those words missing from the lexicon were transcribed by hand
by a Norwegian linguist (n=26). For the phoneme features, we used the phoneme features

provided by Stanford Phonology Archive (SPA) (2019) which is based on Kristo ersen

5The code can be found on the OSF (ttps://osf.io/kd95f/ ).
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(2000). For subsequent analyses, we used the frequency of words from the Norwegian
Web as Corpus (Guevara, 2010). While frequency information was missing for some of
the words included in the inventory, this concerned only 0.9% of the words (n=6 words),

which we do not anticipate in uencing the models.

2.2. Creation of phonological networks

We created two types of networks, namely a nal network, which included all words
of the CDI, and individual networks, which were the networks for each individual child

at each observation. Prior research di ers with regards to the thresholds according to
which the connectedness of two words is assumed (Laing, 2025; Fourtassi et al., 2020).
We follow Laing (2025) and added edges between two nodes, n, when the normalized
FDMS (n1;n2) 0:25. We used the packag@etworkx from Python to create and analyze

the networks.

2.3. Models

To determine whether phonological networks grow in an INT- or EXT-like manner, we used
the glmer function from the Ime4 R library to t a generalized linear mixed model with
binomial as family argument and the link function logit. Our binary dependent variable
‘produced' captured whether a child was reported to produce a word in the observation
under investigation (1) or not (0). Our main predictors were the INT and EXT-values.
We also added an interaction between our main predictor variables and age to examine the
dynamics of growth scenarios best predicting vocabulary growth across development (Siew
& Vitevitch, 2020a). In addition, we added multiple independent variables to our model
which are known to in uence word learning. As children learn shorter words earlier than
longer words, and more frequent words earlier than less frequent words, and child's sex
may in uence the number of words known to children, we added sex, length and frequency
(based on NoWaC; Guevara 2010) as predictors to our models. Furthermore, we added
an interaction of the mother's education and the birth order with INT and/or EXT to
examine whether the mother's education and/or the child's birth order in uences the
growth scenario best capturing vocabulary growth in individual children. In the predictor
mother's education, we combined the levels “primary' and “secondary' to the level “schoal’,

because only a few children had mothers who only completed primary education. The
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other two levels were “college' and “graduate’ with the baseline college. For the predictor
birth order, we combined the levels “fourth' and “sixth' to the new level "FourthPlus' as
not many families had more than four children. Vocabulary growth research in the past
has almost always only looked into nouns, since the rst words of children are highly
biased towards nouns (Hills et al., 2009; Fourtassi et al., 2020; Siew & Vitevitch, 2020b).
To control for this bias while including not only nouns in our models, we add a random
intercepts e ect of word category and a by-category random slope for the e ect of word
frequency, because words from di erent categories di er in frequency. All models were
tted on data of children who were observed ve or more times (overall 326 children)
to capture vocabulary growth longitudinally. All quantitative predictor variables were
centered. Full-null model comparisons excluding critical predictor variables (INT and
EXT) allowed us an estimate of the contribution of individual predictors to model t.

The syntax of our null model is reported in 3.

produced age+ mom_ed+ birth _order + length + frequency + sex+
(1 + frequencyjjchild)+ (3)

(1 + frequency + aggjcategory)

To take the two dierent vocabulary growth scenarios into account, we added both
the INT- and EXT-values as xed e ects including an interaction with age, mother's
educational attainment and child's birth order to Model 3. As INT and EXT were weakly
correlated (0.28), we additionally t the same model with either only INT or EXT as

predictors (Model 5).

produced (INT + EXT) (mom_ed+ birth _order + age+
length + frequency + sex+ @
4

(1 + frequencyjjchild)+

(1 + frequency + aggjcategory)
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produced INT (or EXT) (mom_ed+ birth _order + age+

length + frequency + sex+ ©)
5
(1 + frequencyjjchild)+

(1 + frequency + aggjcategory)

After the models had been tted,® we compared the model ts against one another
using Akaike weights (R library AlCcmodavy, the likelihood ratio chi squared test (R
library Imtest ) and R?-values (R library performance). Note that this model diers
from the preregistered model (see OSF) which failed to converge within a reasonable time
despite using di erent optimizers (bobyqga, nloptwrap , Nelder _Mead niminbwrap , nmkbw
optimx.L-BFGS-B, nloptwrap.NLOPT_LN.NELDERMEAI®ptwrap.NLOPT_LN.BOBYQAand
increasing the number of iterations. Considering the high complexity of the original mod-
els with multiple random e ects, random slopes and xed e ects, we simpli ed the pre-
registered model step-by-step by omitting less relevant random slopes and report the rst
model that converged within a reasonable time, i.e., the model described above. The

predictors "sex’, "birth_order' and ‘'mom.ed' were added following reviewers' comments.

3. Results

We will rst describe the network which we created based on the Norwegian CDI from

wordbank Frank et al. (2017), and report the results from the models afterwards.

3.1. The network

Figure 10 plots the nal networks of Norwegian children using the words included in the
Norwegian communicative vocabulary inventory (Simonsen et al., 2014), capturing the
phonological similarity of words as estimated by FDMS. The dots represent individual
words while the color of the dots indicate the connectedness of the words, with lighter
colors indicating words with fewer neighbors and darker colors indicating words with

many neighbors.

®We tted the same model based on di erent INT-/ EXT-values computed using three di erent phono-
logical distance measures. Find information about the distances, network structures and model results
in the supplementary materials.
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Figure 10: Final networks based on FDMS. On the left is the entire network while the
image on the right zooms into the rectangular area. Each dot represents a
word; words which form a cluster are phonologically similar. Dots in lighter
colors have fewer connections than darker dots. Average path length: 1,57;
network density: 0.47; largest connected component: 697; number of hermits:
2: network diameter: 5

The network shows a dense structure with e cient connectivity. The presence of a sig-
ni cant largest connected component (697 words) and a few isolated hermits (2) indicates
that while most words are well-integrated into the lexicon, a few remain on the periphery.
The average path length (1.57) and network diameter (5) suggest that words are generally

easy to access, promoting quick retrieval.

3.2. The models

In what follows, we will rst report goodness of t for all tted models. Afterwards, we
will show the results for the di erent predictors included in the models and discuss the

di erences between them.

Goodness of t  We compared the goodness of t of all models, i.e., the models including
only INT, only EXT or both INT and EXT as predictors as well as the null model, using
the Akaike Information Criterion (AIC) and Tjur's pseudo RZ?-values. The results are
shown in Table 5 and demonstrate that all models increase the model t compared to the
null model. The 2-values of the comparison with the null models are also reported here.
While the model including both INT and EXT as predictors t the data better than the
models with only one of the two predictors, i.e., either INT or EXT, the model with only

INT outperformed the model with only EXT (see Table 5). Furthermore, adding INT
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2 comp. w/ R2to 2 comp. w/
Model K AlCc AlCc null model  R2-value null model INT+EXT model
INT+EXT 32 1269708 0 11966 0.4480 0.0059 -
INT 24 1269984 276 11674 0.4478 0.0057 292
EXT 24 1280842 11135 816 0.4425 0.0004 11151
Null 16 1281642 11934 - 0.4421 - 11966

Table 5;: AIC and RZ2-values of all models. The model with the smallest AlIC-value, or
with the largest R?-value respectively, t the data best. The models are sorted
by AIC/ R?-values such that the model with the smallest value is in row 1 and
the largest in the last row. AICc shows the di erence between the best tting
model and the model in the respective row. 2-values show the di erence between
all models and the null model or the INT+EXT model respectively.

to the EXT model improved model t more than adding EXT to the INT model. This

is supported by the 2-values (Table 5), which suggested that the model including both
INT and EXT as predictors was more similar to the model including just INT relative to
the model including just EXT as a predictor. However, the overall di erences between
the models were small: While the null model explains 44.21% of the data, the model t
increases by 0.59% to 44.80% for the best model.

Overall, the model results, together with the comparisons to the null model, indicate
that both INT and EXT in uence word learning, and that a word's INT value was a
better predictor of the likelihood of a word being learned next than the word's EXT value.
Despite nding signi cant e ects of INT and EXT, we note that size of these e ects size
was very small. In the following, we will take a closer look at the e ects of individual

predictors.

E ect Outcome  The estimates of the xed e ects are reported in Table 6. Note that
we only present the results of the models including both INT and EXT as predictors here,
since the results were similar across models. The e ect outcomes in the INT-only and
EXT-only models are presented in the supplementary materials. Di erences in the e ect
outcomes across the models are highlighted. Regarding our critical predictors, both INT
and EXT signi cantly predicted the probability of a word entering the lexicon. Words
with higher INT-values were more likely to be learned next compared to words with lower
INT-values, even after controlling for the e ect of age. Figure 11a plots the negative e ect
of the interaction between INT and age, with the gap between the three lines (indicating

di erent INT groups) decreasing across development. Note that while Figure 11a presents
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discrete INT value groups, the models included actual INT values for each word. In other
words, at younger ages, a word's INT value better predicts the likelihood of that word

entering the lexicon than at later ages, where the e ect seems to reverse (Figure 11a).

INT+EXT  INT+EXT

Variable Est SE

INT 3.37 0.04

EXT 0.59 0.04

Age 7.59 0.16
Sex (maleY -0.46 (**)  0.14 (**)
Length -1.44 0.03
Frequency 4.61 0.30
INT:Age -4.50 0.05

EXT:Age -0.63 0.06

INT:School? -0.24 0.03
INT:Graduate 1 0.20 0.03
EXT:School* 0.11 (*)  0.04 (**)
EXT:Graduate ! -0.11 0.03
INT:2nd-born 3 0.36 0.03
INT:3rd-born 8 0.42 0.03
INT:4th/6th-born 3 0.63 0.05
EXT:2nd-born3 -0.15 0.03
EXT:3rd-born 3 -0.14 0.03
EXT:4th/6th-born 3 -0.24 0.06

Table 6: Fixed e ects of the model predictors of the INT+EXT models. All values are sig-
ni cant with a signi cance level p < 0:001, except for those with "**' in brackets,
which have a signi cance level ofp < 0:01. Frequency, INT- and EXT-variables
are log-transformed due to their skewed distribution. 1In comparison to the base-
line “College'. 2In comparison to the baseline “Female'. 3In comparison to the
baseline "1st-born'. SE stands for standard error, Est for estimate.

Similarly, there was a higher probability of a word being learned, the higher this word's
EXT value was, but this e ect was much smaller than the e ect found for INT. As with
INT, the in uence of EXT decreased with age although this e ect was smaller than the
interaction between INT and age (compare Table 6 and Figure 11b).

With regards to inter-individual di erences between children, mother's educational at-
tainment in uences the extent to which vocabulary growth was predicted by the two
growth scenarios: The positive in uence of INT on the likelihood of a word to be produced
increased with increasing maternal educational attainment (schoot college< graduate). In
contrast, the e ect of EXT on the likelihood of a word being learned decreased with ma-

ternal educational attainment (school> college> graduate). Child's birth order similarly
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(@) INT (b) EXT

Figure 11: E ects of the predictors INT (a) and EXT (b) in the model which includes INT
and EXT as predictors.

in uenced the e ect of INT and EXT on word learning. There was a smaller e ect of
INT in rst-borns relative to children born 2nd-, 3rd- and 4th/6th. In contrast, the e ect
of EXT was larger in rst-borns relative to 2nd-, 3rd- and 4th/6th-born children. The
estimates of all interactions were, however, very small (compare Table 6).

Finally, as expected and can be seen from Table 6 and Figure 12, shorter and more
frequent words were more likely to be learned next than longer and less frequent words.
Girls also had a higher probability of a word being learned than boys (compare Figure

12), echoing previous sex-based di erences in early word learning.

(a) Sex (b) Word length (c) Word frequency

Figure 12: E ects of sex, word length and word frequency (normalized) on the probability
of a word being learned based on the INT-&-EXT-model.
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4. Discussion

The current study set out to examine the extent to which the phonological connectivity be-
tween the words a child already knows (INT-vocabulary growth scenario) and/or words in
her environment (EXT-vocabulary growth scenario) shape the pattern of early vocabulary
growth. We also examined the dynamics of these growth scenarios across development and
how they varied with socioeconomic factors such as the mother's educational attainment
and the child's birth order. Thus, our focus was not merely on which growth scenarios best
predicted network growth but also the factors that shaped the in uence of these growth
scenarios. In the following, we will rst discuss our results and then compare our results
with those of other studies to provide a more comprehensive picture of early vocabulary
development.

Our results nd strong support for INT-like vocabulary growth: The model including
only INT as a predictor outperformed the model including only EXT as a predictor, and
adding INT to the EXT-model improved model t more than adding EXT to the INT-
model. We interpret these ndings as suggesting that the early vocabulary grows in keeping
with a rich-get-richer growth mechanism: Children build upon what they already know
such that they are more likely to learn words that sound similar to already learned words,
which are well connected to other similar-sounding words in the lexicon. This pattern
of results is typically explained with recourse to leveraging accounts (Barakasi & Albert,
1999; Mani & Ackermann, 2018), according to which children leverage their current knowl-
edge in acquiring novel information. Thus, greater familiarity with phonological patterns
that repeat across many di erent words in their lexicon may lead to children attending
more to such patterns in their input (Altvater-Mackensen & Mani, 2013) and learning
these words earlier (Newman et al., 2008). This paints a picture of the early vocabulary
as a collection of clusters of words, with larger clusters attracting words overlapping in
certain dimensions with members of the cluster to the lexicon. At the same time, our
ndings highlight the remarkable e ciency of early language development with each word
learned acting as a stepping stone for subsequent learning, opening up pathways for a
veritable explosion of language learning.

Nevertheless, our results did nd some support for EXT-like vocabulary growth as well,
although INT-like growth outperformed EXT all models. This is in keeping with an earlier

study nding evidence for both growth patterns in vocabulary development for children
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between 3-9 years (Siew & Vitevitch, 2020b), which we extend to even younger children.
Our ndings, therefore, speak to a multi-mechanistic approach to language development,
with clusters of words in the child's environment likely being either prioritized (by the
caregiver) or attended to more (by the child) in the input, leading to words overlapping
with such clusters being learned earlier. A role for EXT in semantic networks is typically
explained by suggesting that words that overlap semantically often co-occur together lead-
ing to clusters containing these words being thematically spotlighted in certain contexts
and children learning words related to spotlighted clusters easily. The thematic spotlight
further boosts learning by providing a context in which such words are heard, such as food
related words being heard at mealtimes or in the kitchen (Roy et al., 2015). A similar
explanation may not hold for phonological networks - phonologically related words are not
similarly likely to co-occur together to the extent that semantically related words do - po-
tentially reducing the role of EXT-like growth patterns in phonological networks. We note
also that models including only EXT as a predictor revealed a larger positive association
between increase in EXT-values and the likelihood of words being learned than models
including both INT and EXT as predictors. This is likely due to shared variance between
INT and EXT predicting the likelihood of a word being learned, leading to a smaller role
for EXT-only variance on model t in models including INT and EXT.

Importantly, both INT and EXT e ects were most pronounced early in development
and, while still in uential, become less pronounced over time within our observed age range
(15-35 months). This e ect was, however, more strongly pronounced for INT, where the
e ect reverses later in development, such that higher INT-values reduce the likelihood of
a word being learned. This replicates the dynamics of growth principles found in other
studies, where, early on, higher INT values better predict learning, while later on, this
e ect reverses, so that lower INT-values predict learning (Siew & Vitevitch, 2020a,b; Luef,
2022). Siew & Vitevitch explain this pattern by suggesting that phonological similarity
may aid word learning in the beginning due to familiar patterns repeating and leveraging
learning. However, as children learn more words, the density of the phonological space
may become an impediment, increasing processing costs for words with high INT values.
Interestingly, Siew & Vitevitch (2020b) and Luef (2022) report a similar pattern in older
participants with larger vocabularies compared to our investigated age group, i.e., in 3-9

year old children (Siew & Vitevitch, 2020b) and adult second language learners (Luef,
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2022). This may seem counter-intuitive, given that the oldest age-group examined in the
current study was the same age as the youngest age-group tested in Siew & Vitevitch
(2020b). Note, however, that INT values can only be calculated with regards to words
included in the vocabulary questionnaires and the oldest age included in the current study
was the oldest age at which the questionnaire could be administered. Thus, children were
likely to be at ceiling towards the end of the questionnaire, knowing most if not all the
words in the questionnaire, thereby leading to a diminished INT e ect. The same was
true of the dataset used by Siew & Vitevitch (2020b), which only included words with
AO0A less than 10 years of age. This calls for caution in terms of attributing the changing
pattern of results to changes in the algorithms governing learning across development.
Another interpretation for the reduction in the in uence of INT growth scenarios on
vocabulary development over time might be that children use phonological similarity to
leverage learning early in lexical development, potentially because other kinds of infor-
mation, e.g., semantic similarity and semantic category knowledge, which have also been
shown to aid word learning, are not fully accessible yet. Later on, with access to other
kinds of information about words, children may enlist these other potentially more reliable
cues to the service of learning. Indeed, the phonological form of a word does not provide
children with any information about the meaning of a word or potential referents of the
word in the visual world, due to the arbitrariness of early word-form mappings (Sia et al.,
2024). With age, children may, therefore, deprioritize leveraging phonological similarity in
word learning. Were this to be true, the impact of phonological similarity on vocabulary
development could be inversely related to the impact of semantic similarity on develop-
ment at later ages. It could, therefore, be insightful to compare the impact of phonological
and semantic similarity on word learning over time. Indeed, work by Stella et al. (2017,
2024) suggests that combining multiple levels, capturing the semantic, phonological and
syntactic features of words, into a multi-layer network better predicts learning relative
to a single feature network. Alternatively, from a more generic standpoint, it may also
be that older children rely less on leveraging their knowledge in later learning, relative
to early language learners. Thus, children may begin learning words by building on the
few words they already know. The more words children know, the more pro cient they
become and the less they rely on the words they know or the connectivity of words in

their environment to build their vocabulary.
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Our results agree { to a certain extent { with the results of prior research on this
issue. Beckage & Colunga (2019) and Laing (2025) found that only INT was predictive of
word learning in children, Luef (2022) found the same pattern of results in adult second
language learners, while Fourtassi et al. (2020) argued that EXT but not INT predicts
early vocabulary development. Siew & Vitevitch (2020b) report, similar to our ndings,
that both INT and EXT predict learning in older children, with INT having a stronger
e ect on the probability of a word being learned next relative to EXT. Our results support
this latter interpretation using longitudinal data, i.e., that both INT and EXT predict the
growth of early networks, but that INT better predicts learning relative to EXT. In other
words, while vocabulary growth is in uenced both by connectivity of words already known
to the child and words likely to be in the environment of the child (regardless of whether
they are known to the child or not), there appears to be a stronger association between
the likelihood of a word being learned and the connectivity of words known to the child
that sound similar to this to-be-learned word.

The di erence between our ndings and the more disparate results reported to-date
could be explained by the data being examined across the studies. In particular, one
potential reason why Fourtassi et al. (2020) did not nd an e ect of INT on vocabulary
growth may be that they analyzed cross-sectional data, i.e., examined normative data of a
generic child based on data of what words are typically known to children at di erent ages.
In contrast, we examined longitudinal data of the words known to individual children at
di erent points across development. Normative data may provide a di erent estimate of
the impact of the words known to children on vocabulary growth relative to longitudinal
data of individual children, attening out individual di erences in the words known to
di erent children at di erent time points across development. We extend the results of
Laing (2025) to nd a small but signi cant e ect of EXT-growth scenarios on vocabulary
development. While Laing (2025) did not report a similar e ect of EXT, the di erence
between our results may be explained either by the di erent languages under investigation,
the fact that Laing (2025) examined actual productions of young children and we examined
parental reports, or by the smaller number of children Laing examined in her study (n=9).
Thus, the vocabulary structure of di erent languages may lead to di erent in uences on
early vocabulary development, or the number of participants in Laing (2025) were too

few to detect the much smaller e ect EXT has on vocabulary growth. Bringing together
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the literature to date, we nd a consistent in uence of INT on vocabulary growth, with a
smaller e ect of EXT, which appears contingent on the extent to which the data capture
individual di erences in vocabulary development and production. Indeed, INT and EXT-
like growth patterns need not be mutually exclusive. Thus, while the child may attend
more to words in the input that are similar to words they already know, the environment
may also be tailored to boost language learning by providing the child with input they
can easily leverage and learn from (see also Amatuni & Bergelson 2017, Fourtassi et al.
2020, Siew & Vitevitch 2020b for similar arguments).

With regards to individual di erences between children, we found that maternal educa-
tional attainment moderated the relationship between INT and the likelihood of a word
being learned. INT predicted the likelihood of a word being learned less in children of
mothers with lower educational attainment relative to mothers with higher educational at-
tainment. On the one hand, this nding could be explained with recourse to often-reported
di erences in vocabulary size in children from varying socioeconomic backgrounds (Ho,
2003; Hart et al., 1997; Hart & Risley, 1992; Farkas & Beron, 2004; Ermisch, 2008). Chil-
dren of mothers with lower educational attainment might know fewer words, such that
their existing vocabulary size may not play as much of a role in predicting vocabulary
growth, allowing for the environment to shape the words more likely to be learned. In-
deed, this is in keeping with the results we found for EXT, where we found EXT predicted
the likelihood of a word being learned more in children of mothers with lower educational
attainment relative to mothers with higher educational attainment, i.e., the opposite of
the pattern we found with regards to INT. We note, however, that more recent work nds
no e ects of maternal educational attainment on vocabulary size (Bergelson et al., 2023),
and that the e ect sizes found in the current study were very small, necessitating caution
in interpretation of this e ect.

The results on the role of the child's birth order on the growth scenarios that best
predicted learning could similarly be related to the child's environment. We found that
INT better predicted the likelihood of a word being learned in children with older siblings
relative to rst-borns. In contrast, EXT better predicted the likelihood of a word being
learned in rst-borns relative to children with older siblings. One explanation for this
could be that children with older siblings have fewer opportunities for one-on-one high

quality interactions with their caregivers, who are involved with multiple children and,
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necessarily, have less time for each individual child. Thus, the environment (EXT) may
better predict the words likely to be learned by the child in rst-borns, while children with
older children may rely more on the words they already know (INT), powering their own
vocabulary development. Here, too, however, we urge caution in interpretation of these
ndings given the size of the e ects reported.

We also note that more nuanced insights into the phonological similarity of words could
consider more detailed information about words. To avoid the use of normalization and
thresholds, one could use weighted edges between nodes containing information about the
strength of connections between words, i.e., if words are extremely similar in phonology or
just moderately similar, and the extent to which the strength of connections in uences the
pattern of vocabulary growth. As noted above, we suggest that the di erences reported
in the literature to-date are likely due to the kind of data being investigated, i.e., whether
we consider longitudinal or cross-sectional data, as well as the sample sizes under inves-
tigation. The characteristics of the dataset may need more attention in planning future
research on the factors in uencing vocabulary growth. In particular, when investigating
a theory of vocabulary growth across development, it may be critical to use data that
re ects this period of development, i.e., longitudinal data.

Finally, we note that, reassuringly, we replicate previous e ects of the in uence of the
child's sex, word frequency, word length and age of acquisition in our data. Thus, we
found that female babies learn words earlier than male babies and that the probability
of children learning a word increases with increasing age and higher frequency. Increases
in word length, on the other hand, decreases the probability of children learning a word.
While these results replicate the patterns reported in the literature thus far, our replicating
these e ects speaks to the comparability of the data and methods employed in the current

study to the literature thus far.

5. Summary

In the current study, we examined the factors in uencing vocabulary growth, with regards
to the likelihood of children learning speci c words at di erent points across development.
In particular, we examined the extent to which the likelihood of a child learning a word
was in uenced by the connectivity of similar words already known to the child relative to

similar words in the environment of the child, and if the child's birth order or the mother's
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education moderates this in uence. Our results suggested that the early vocabulary grows
predominantly in a rich-get-richer manner (INT), where word learning is predicted by the
connectivity of words already known to the child. Children with older siblings and of
parents with a higher educational attainment rely more on this internal connectivity than
rst-borns and children of parents with lower educational attainment. However, word
learning is also, albeit to a lesser extent, in uenced by the connectivity of words in the
child's linguistic environment (EXT). Indeed, we found that the in uence of the di erent
growth scenarios varies dynamically across development, speaking to the possibility of
multiple growth algorithms predicting vocabulary growth in early childhood.

With regards to future research, we see a clear need for larger samples of longitudi-
nal data across languages, especially since we suspect that the di erences in the results
reported thus far may lie in the characteristics of the datasets being examined. In par-
ticular, we suggest that future research should examine this issue using longitudinal data
from di erent languages. Indeed, we note that Laing (2025) reports di erences between
French and English, while the smaller di erences between our results and Laing (2025)
may be related either to di erences in the sample size or the languages under investigation.
At the same time, given the focus on semantic overlap in the development of theories of
vocabulary growth, we see real promise in examining the extent to which similar patterns
of vocabulary growth are found when examining the semantic connectivity of words al-
ready known to the child and in the child's environment. Ongoing research in our lab is

currently examining this issue.
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Abstract Previous studies on children's word learning emphasized the role
of the environment and existing knowledge. Thus far, research predominantly
focused on the semantior phonological similarity between words in children's
environments or lexicons of the word to be learned. Despite form and meaning
of a word both being irrevocably associated with the words, the contribution
of form and meaning to word learning has not been investigated. Furthermore,
previous research oftentimes relies on cross-sectional data while longitudinal
approaches are needed to capture individual di erences across development.

Against this background, we ask whether phonological and semantic con-
nectedness to known words, words in the linguistic environment or highly-
connected words in children's lexicons predict the likelihood of producing a
new word. In addition, we explore the interplay between phonological and
semantic connectedness.

The results reveal a \rich-get-richer" pattern, where semantically/phonolog-
ically highly-connected words in children's lexicons attract new similar words.
Words with many semantic connections to the known words are easier to learn,
while many connections to phonologically similar words in the lexicon impede
learning. Semantic/phonological connectedness to words in children's envi-
ronments play only a small role. All e ects are more pronounced in younger
children. Notably, semantic connectedness is more in uential than phonolog-
ical connectedness. The study indicates that words are learned more easily
when they are similar to many words in meaning, as opposed to words that
are similar in form and meaning.

Overall, this research highlights the signi cance of considering semantic and
phonological aspects to understand vocabulary development, thus contribut-
ing to a more holistic comprehension of the factors that in uence language
acquisition, underscoring the value of longitudinal data, and moving beyond

traditional cross-sectional approaches.
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1. Introduction

Much of language acquisition research has focused on examining the factors that in uence
early word learning, ranging from external factors, such as the extent to which the child's
environment shapes learning (Outters et al., 2020; Schreiner & Mani, 2017), and internal
factors, e.g., what the child already knows or is interested in (Mani & Ackermann, 2018;
Ackermann et al., 2020, 2024). Word learning is also in uenced by the phonology and
semantics of previously learned words, so that words that are semantically or phonologi-
cally similar to already known words are easier to acquire (Newman et al., 2008; Borovsky
et al.,, 2016). Therefore, there is considerable evidence that both external and internal
factors in uence word learning. Theories of vocabulary development similarly emphasize
the contribution of the environment and what the child already knows in spearheading
the direction of later language learning. In particular, internally driven and externally
driven vocabulary growth has been characterized by two popular vocabulary growth hy-
potheses (Fourtassi et al., 2020; Hills et al., 2009; Ciaglia et al., 2023; Kalinowski et al.,
2024; Beckage & Colunga, 2019; Laing, 2025; Cox & Haebig, 2023; Siew & Vitevitch,
2020b). The external approach, known as preferential acquisition or EXT, states that
words that are (phonologically or semantically) well connected in the child's environment
are learned earlier. The internal approach, called preferential attachment or INT, on
the other hand, states that words that are similar to already learned words, which are
themselves well-connected in the child's lexicon, are easier to learn. In keeping with a
rich-get-richer approach, here, words in the child's lexicon which are well-connected, at-
tract similar words not known to the child to be acquired sooner. Another proposal, which
is less frequently discussed, is the Lure of Associates (LoA, Cox & Haebig 2023; Beckage
& Colunga 2019; Hills et al. 2009; Siew & Vitevitch 2020b). Here, words with the most
connections to words in the lexicon are acquired next. Thus, this hypothesis does not con-
sider how well-connected the words in the lexicon are, but focuses instead on merely the
number of words, including isolated hermit words, that a to-be-learned word is connected
to in predicting the likelihood of this word being learned. As we discuss in more detail
later, research so far does not agree on which of the hypotheses best predict the pattern of
early word learning. This could be due to the use of (non)longitudinal data as the e ect of
INT seems to be a strong predictor of word learning when individual longitudinal data is

used (Beckage & Colunga, 2019; Laing, 2025; Kalinowski et al., 2024). It is likely that the
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same is the case for the LoA since this approach, too, builds upon the changing lexicon of
children.

INT, EXT and LoA are not mutually exclusive mechanisms, so that several of them
could describe vocabulary development at the same time. Nevertheless, INT, EXT and
LoA have rarely been studied in the same model (exceptions are Laing 2025 and Kali-
nowski et al. 2024), but only separately. The extent to which one of the mechanisms
contributes to word learning on top of the others is therefore not yet known. Another
very relevant factor that has not yet been considered is the interplay between semantic
and phonological connectivity. Although both the semantic similarity and the phonologi-
cal similarity of a not-yet-learned word to other (already learned) words are inextricably
linked to a word, the interaction between INT-, EXT- and LoA-values based on semantic
and phonological networks has not been investigated so far. Possible in uences that se-
mantic and phonological connectivity have on each other have therefore remained hidden
and should be investigated.

Against this background, the present study uses individual longitudinal CDI data to ex-
plore how INT, EXT, and LoA jointly in uence vocabulary network growth across phono-
logical and semantic networks, while considering the in uence of other factors that we
know in uence word learning, i.e., word length, word frequency and age of the child. The
study further investigates the interplay of semantic and phonological connectivity.

In the following, we will rst discuss the previous research on INT, EXT and the LoA,
before explaining our de nition of semantic and phonological distance and the methods

for this work.

1.1. Vocabulary growth scenarios

Theories of vocabulary growth have attempted to capture the pattern of early vocabulary
development and the factors that best predict the words that the young child is likely to
learn next. Two such theories have attracted much attention in the past. Preferential
Attachment, an internal growth scenario (which we henceforth refer to as INT), and Pref-
erential Acquisition, an external growth scenario (which we henceforth refer to as EXT)
(Hills et al., 2009; Fourtassi et al., 2020; Laing, 2025; Kalinowski et al., 2024; Siew & Vite-
vitch, 2020b; Ciaglia et al., 2023; Cox & Haebig, 2023; Luef, 2022; Beckage & Colunga,
2019). Another theory, the Lure of the Associates (LoA), has been studied less frequently,
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but has also been reported to predict the pattern of lexical acquisition (Hills et al., 2009;
Beckage & Colunga, 2019; Siew & Vitevitch, 2020b; Luef, 2022; Cox & Haebig, 2023).
Before outlining these theories in detail, we rst brie y describe the networks that have
typically been used to characterize the shape of the early vocabulary. Here, words in the
vocabulary are represented as so-called nodes in the network; connections between words
are called edges. The connections typically capture the property that de nes the network,
thus in semantic networks, the edges highlight the semantic relationships between words,
while in phonological networks, the edges indicate the phonological similarly of words
according to a chosen de nition. Figure 13 shows the target worddog and the words
semantically similar to dog based on semantic associations norms (more about semantic
associations in 1.2 Semantic Similarity). When examining the pattern of early word learn-
ing, we study growing vocabularies; which can be depicted as growing networks: when a
new word is learned, new nodes are added to the network, which might also create new

edges.

Figure 13: Semantic associates alog visualized in a network.

Imagine that Figure 14 represents a snapshot of a child's vocabulary early in develop-
ment. The nodes Al-A4 are words which are already known to the child. The nodes
N1-N4 are yet-to-be-learned words. The edges between nodes indicate that the two words
are phonologically similar to one another (for the de nition of phonological similarity see
1.2 Distance Measures). Dashed lines similarly indicate that the words connected by the
dashed line are phonologically similar to one another but that one or both words have not
been learned yet.

Now we consider how the di erent vocabulary growth theories infer the likelihood of
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a word being learned next, beginning with preferential attachment, which we refer to as
INT. INT assumes that words that are related, either phonologically or semantically, to
highly connected words in the already existing network of the child are learned earlier
than words related to less connected words in the network (green lines in Figure 14).
In our example network, N1 would connect to A4 which itself is connected to 3 already
learned words. N2 would connect to A1 and A2, which themselves have 1 and 2 connec-
tions respectively, which yields a mean connectivity of 1.5. The word N3 would connect
to Al, A2 and A3, which are connected to 1, 2 and 2 other words respectively; yielding a
mean connectivity value of 1.7. Finally, N4 is not connected to any word in the existing
vocabulary. As max(INT n1; INT N2; INT n3; INT ng) = max(3;1:5;1:7;0) = 3, INT vo-
cabulary growth hypotheses would predict that N1 would, therefore, be most likely to be
learned next. In contrast, externally driven growth theories like preferential acquisition,
which we refer to as EXT, do not only consider the words already known to the child
but also consider the connectivity of the words in the child's environment (all lines in
Figure 14). The child's environment is typically captured by considering the end-state
vocabulary of the child, since it is assumed that the child will ultimately learn all the
words in her environment. According to EXT, words which connect to the most words in
the entire network including the words already known to the child and the words in the
child's environment, are most likely to be learned next. Thus, in our example, N2 would
be acquired next, becausanax(EXT n1; EXT N2; EXT N3 EXT Ng) = max(2;5;4;1) = 5.
Finally, the Lure of Associates hypothesis, which we refer to as LoA, does not consider
the connectivity of the words in the network. Rather, according to LoA, words which are
related to a larger number of words that are already known to the child are more likely
to be acquired next (blue lines in Figure 14). In our example network this would be N3,

becausemax(LoA N 1; LOAN 2; LOAN 3; LOAN3) = max(l;2; 3;0) = 4.

There has been considerable work on the extent to which the early vocabulary grows
in keeping with INT-, EXT- or LoA- growth hypotheses. The literature, however, yields
con icting results, which we attribute to di erences in the data being considered in each of
the studies. In particular, we discriminate between studies examining longitudinal data,
i.e., data pertaining to the words known to individual children at di erent time points

across development, and studies examining normative data, i.e., data pertaining to the
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Word INT-value EXT-value LoA-value

N1 3 2 1
N2 42=1:5
N3 %2 =17
N4 0

= A~ O
O wnmN

Figure 14: Visualisation of the INT, EXT and LoA growth scenarios. The edges be-
tween nodesn;;n; with ni;n; 2 f AL ;A4 N1 N3g; n 6 nj only exist
if dist(nj;n;)  0:25 for phonological distances or ifnj and n; were part of
each others associations (compare 1.2 Distance Measures). The table shows
the calculation of the INT-, EXT- and LoA-values. The word with the highest
value is highlighted in green for INT, in gray for EXT and in blue for LoA and
hypothesized to be learned next.

words known to the average child at di erent time points across development. We have
previously asserted that examining how the di erent vocabulary growth scenarios predict
development requires assessment of longitudinal data given individual di erences in the
words known to individual children at di erent time points across development (Kalinowski
et al., 2024). Indeed, as we highlight below, studies considering longitudinal data nd a
di erent pattern of results to studies using normative data. For instance, with regards to
the development of phonological network, Laing (2025) found, examining longitudinal data
from 9 French- and English-speaking children, that vocabulary growth was best predicted
by an INT-like growth scenario. She found no evidence for an EXT-like in uence on
vocabulary growth. Similarly, Beckage & Colunga (2019) examined longitudinal data of
vocabulary development in late talkers and found that INT and LoA were predictive of
phonological network growth, but that the latter was better able to predict the words
likely to be learned next. Like Laing (2025), they found no e ect of EXT on vocabulary
development. Extending this to longitudinal data from a large number of younger children
aged 17- to 36-months of age (h=326), Kalinowski et al. (2024) found that while both INT
and EXT predict the pattern of vocabulary growth, INT was better able to predict the
likelihood of a word being learned next. In contrast, using normative data from children
learning ten di erent languages, Fourtassi et al. (2020) concluded that the vocabulary
grows in an EXT-like manner. Looking at normative data from older children between 3

and 9 years of age, Siew & Vitevitch (2020b) found evidence for all three growth scenarios
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in Dutch children, while the English data only provided evidence for INT. However, they

found that INT was better able to predict the words learned next than EXT, and that

both were better able to predict learning in younger than for older children. Similar results

were found for adult English as a second language learners (Luef, 2022). Taken together,

the pattern of results appears quite mixed with regards to the role of INT- and EXT-like

growth scenarios on vocabulary development. While longitudinal examinations suggest

more support for INT-like growth, normative data appears to support a role for EXT in

vocabulary development too, and very few studies have considered the role of LoA on

vocabulary development.

Semantics Phonology Long. Participants Lang.
INT EXT LoA | INT EXT LoA \
Kalinowski et al. (2024) X X X 17-36m Nor
Ciaglia et al. (2023) X*  X* X* X* 16-36m En
Cox & Haebig (2023) X X 16-30 En
Laing (2025) X < 30m Fr, En
adults;
Luef (2022) X X 2nd lang. learners En
comp. 8-18m; Cr, Da, En,
Fourtassi et al. (2020) X X p: " Fr, It, No, Ru,
prod. 16-36m Es Sw. Tr
Mak & Twitchell (2020) X X** adults En
Siew & Vitevitch (2020b) X (Xxxx) (X xrx) 3-9y En, NI
15-27m;
Beckage & Colunga (2019)| X X X late talkers En
Hills et al. (2009) 16-30m En

Table 7: Overview of vocabulary network studies. Ticks (X) in the semantics and phonol-
ogy columns show that the an e ect of a certain predictor (INT, EXT or LoA)
was found in the respective study. Crosses () indicate that no e ect was found,
and an empty cell means that the respective study did not investigate the network
growth hypothesis. The column “Long' shows whether the used dataset was of
longitudinal nature. The other two columns show information about the partic-
ipants of the study and the language under investigation. *note that semantics
and phonology were only tested in the same model and not separately; **based
on word-learning experiments; **EXT and LoA were found to be statistically
signi cant predictors for the Dutch data only.

Analyses of semantic network growth show similarly mixed results. Using normative

data, Fourtassi et al. (2020) found that the early semantic network of children grows in an

EXT-like manner, and could not nd an e ect of INT on vocabulary growth. Similarly, Cox

& Haebig (2023) and Hills et al. (2009) found evidence for EXT and not INT, and Cox &

Haebig (2023) report that the inclusion of child-directed speech may improve the predictive

power of EXT. Both studies also found that LoA predicted the growth of semantic networks

of children. Finally, a recent study using normative data (Ciaglia et al., 2023) examined
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the semantic, phonological, visual, sensorimotor and latent aspects of the mental lexicon,
concluding that EXT is a better predictor of early vocabulary growth relative to INT.
As with phonological network growth analysis, however, studies using longitudinal data
nd di erent results. One study examining longitudinal data from late talkers, Beckage
& Colunga (2019) found that INT and LoA, but not EXT was predictive of vocabulary
learning, whileMak & Twitchell (2020) found evidence for an INT-like vocabulary growth
in a word-learning task with adults.

Notably, most studies discussed above have separately examined either phonological or
semantic network growth. Given early sensitivity to both the phonological and semantic
features of words from an early age, examining the interplay between phonological and
semantic similarity to words in the environment and in the child's lexicon in driving the
words being learned next is critical’

Against this background, the current study examined the interplay between phonological
similarity and semantic similarity in driving the words children are likely to learn next. In
particular, we examine whether INT-, EXT- or LoA phonological and/or semantic growth
scenarios best predict the likelihood of which words individual children will learn next.
Critically, many of the growth scenarios discussed above are correlated with one another
(Kalinowski et al., 2024). This makes it essential that we examine whether a particular
scenario improves t of a model including the other scenarios, an approach followed by
only two of the studies in the literature thus far (Laing, 2025; Kalinowski et al., 2024). This
is especially so if multiple scenarios are thought to in uence word learning, as suggested

by most of the research discussed here (compare Table 7).

1.2. Distance Measures

Here, we describe the measures we used to capture the semantic and phonological similar-
ity of two words. In particular, we indexed semantic similarity using semantic association
norms and indexed phonological similarity using phonological feature distances. We de-
scribe our procedure in brief, the most frequently used measures of semantic similarity

include word associations, word features and word embeddings. Phonological similarity

"While Fourtassi et al. (2020) and Ciaglia et al. (2023) examined both the semantic and the phonological
characteristics of the networks, they used normative data which, as we have argued above, does not
adequately capture the individual di erences in the words known to individual children which power
INT-like growth scenarios. Beckage & Colunga (2019) similarly examined semantic and phonological
networks, albeit in late talkers, thereby making it di cult to extrapolate their results to characterize
typical development in early infancy and childhood.
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has predominantly been measured using the Levenshtein distance while other more recent

approaches use variants of phonological feature distances, which we describe below.

Semantic Similarity Common and long-used methods to measure the similarity of two
words are semantic associations and semantic features, which are determined with the
help of questionnaires. A more recent approach are word embeddings, which capture the
co-occurrence of other words in a de ned environment of the target word within texts.
For this project, we used semantic association§.

Semantic associations are believed to re ect our comprehension of a word's meaning.
The associations are captured by asking individuals which word(s) come(s) to their mind
rst when they hear or read a certain word. For example, many people will associate the
word cat with the word dog Other people may associate it with pet or milk. All words
including the number of times it has been named make up the semantic associations of
the target word, here cat. We use the word associations from the University of South
Florida Free Association Norms (Nelson et al., 1998), which are an often used repository
for semantic associations and are based on the discrete association task, meaning that the
participants could only name one word. The University of South Florida Free Association
Norms list the association norms for many words. For example, the worddinner has the
semantic associatesupper, eat, lunch, food and meal. The associations between the words
are uni-directed, meaning that people may associate word A with word B, but if they
were asked for their associations with word B, they would not say A. For exampledinner
activates the associationeat, but eat does not produce the associatiordinner (Nelson et
al., 1998). Therefore, in our networks,eat is connected todinner, but not the other way
around.

In this study we investigate children's word learning. Semantic associations are, how-
ever, most of the time based on adults' understanding of words. Especially for very young
children, it is not possible to get their associations for hundreds of words because their

(active) vocabulary is too small to capture them. Therefore, for the present research, we

8We also trained a word2vec model on English CHILDES data (the Norwegian corpus was too small
for word2vec so that all words ended up being similar) using the Word2Vecpackage from Python's
gensim.models, and ran our regression models (INT and EXT versions only) based on the words'
cosine similarities. Since the INT model did not converge (maxjgradj = 0:0035), we only discuss the
models based on semantic associations; however, the results based on the word embeddings can be
found in the supplementary material (Appendix B.4). We did not use word features because our source
did not provide information on enough words.
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use the adults' associations by Nelson et al. (1998) as an approximation for children's

semantic associations.

Phonological Similarity Just as with the measurement of semantic similarity, there are
di erent approaches to measuring phonological similarity. The most commonly used
method is the Levenshtein distance, which is also called edit distance because it de nes
the distance between two words in terms of how many steps (additions, deletions, and
exchanges) it takes to convert one word into another. This can only roughly capture
phonological similarity of words. The words cat, cap and cam all have the same Leven-
shtein distance, althoughcat and cap are more similar than cat and cam or cap and cam,
respectively. For this reason, it is useful to include the properties of the phonemes. The
phonological feature distance (FD) was introduced by Monaghan et al. (2010) and used in
a slightly modi ed way in Laing (2025) and Kalinowski et al. (2024). There, the features
of phonemes of one word are compared to the features of phonemes of another word by
calculating the Euclidean distance between them. In this way it is possible to display the
di erent distances between cat/ cap and cat/ cam. Since Kalinowski et al. (2024) found
that the FD resulted in a better model t than the Levenshtein Distance, we will use the
FD from Laing (2025) for our distance calculations.

Laing (2025)'s FD of the wordsw; and w; is calculated by rst transcribing the words
into their IPA representation. We used the IPA transcriptions from the NLB Pronunciation
Lexicon for Norwegian Bokmal (Norwegian Library of Talking Books and Braille, 2018),
and words missing from the lexicon were transcribed by hand by a Norwegian linguist
(n=9). The words are then split into their syllables, and the syllables of w; and w» are
compared with each other following their order, i.e., syllable 1 ofw; is compared to syllable
1 of wop, syllable 2 of w; is compared to syllable 2 ofw,, and so on. For the comparison
of the syllables, their phonemes are rst aligned based on their vowels. For example, if a
syllable had the structure CCVC and the other syllable the structure CVC, then they are

aligned in the following way:

v C

I
vV C

O—_0

Afterwards, the feature representation of each phoneme is obtained as a feature vector

for which we used the phoneme features from PHOIBLE 2.0 (Moran & McCloy, 2019),
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which is a large repository of phonological inventory data. Then, the Euclidean distances
between the feature vectors of the aligned consonants are calculatédIn cases, where a
phoneme was compared to an empty slot (compare the rst consonant of the rst word
in the example above), the Euclidean distance between the phoneme feature vector and
a null vector was calculated. All Euclidean distances were then summed up. This sum
de nes the FD of the two syllables. The FD of the two words is then calculated by adding
up the FD-values of the syllables. Words with smaller FD-values are more similar to each
other than words with larger FD-values. We again follow Laing (2025) and de ne two

words as semantically similar if their normalized FD is smaller or equal 0.25.

2. Methods

2.1. Data

We use longitudinal vocabulary data from individual Norwegian children from the word-
bank corpus (Word and Sentences, Frank et al. 2017). These data provide information
about the words each individual child can already produce at di erent ages, e.g., at 18, 20,
23, 25, 30, 33, 34 months. Children were between 17 and 36 months old with a mean age of
26.3 months. To include solely longitudinal data, we only include data from children who
have been observed more than ve times. This leaves us with data from 215 children and
1,600 observations overall (average 7.44 observations). We do not include all word types
into our analyses as the association data from the University of South Florida Association
Norms (Nelson et al., 1998) only cover nouns. After deleting another 21 words because
they were not included in the association norms, were were able to use 295 words for our

analyses!®

2.2. Network Creation

For each child and each age this child was observed at, we created two vocabulary networks
in Python using the networkx -package. In one of the networks, a word was semantically
connected to another word if it was included in the list of semantic associates of the other

word. In the second network, words were phonologically connected if the normalized

®The vowels are not included in this calculation because the production is highly variable in production
until around age 3 (Laing, 2025).
Find a list of omitted nouns on OSF.
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feature distance (Laing, 2025) was smaller or equal 0.25.

2.3. Calculation of INT, EXT and LoA values

Based on the networks we created for each child at each available age, we calculated the
INT- and LoA-values for semantics and phonology (see Section 1.1) in Python. Naturally,
the INT and LoA values are di erent from child to child, and also di er between di erent
observations within children, i.e., get larger with increasing age of the child, since the
network grows when a child learns more words.

The EXT-values represent the connectivity of yet-to-be-learned words in the child's
environment. We de ned the complete CDI as the environment, and based the calculation
of our EXT-values on a network consisting of all words in the CDI. Therefore, the EXT-

values for all children and all observations are the same.

2.4. Models

To investigate the impact of INT, EXT and LoA 1! on vocabulary growth, we tted a
generalized linear mixed model with “binomial' as family argument and the link function
“logit' using the glmer function from the Ime4 R package. The binary dependent variable
(produced) indicates whether a word is part of the vocabulary of a speci ¢ child at a speci c
age (1) or not (0). Our main predictors are the INT , EXT, or LOA values, respectively, for
phonology and semantics (see Section 1.2 and 2.3). The independent variables wdethgth
in phonemes and wordfrequency (Guevara, 2010) are known to in uence word learning
such that shorter words are learned earlier than longer words, and more frequent words
are learned earlier than less frequent words. We account for variability among children
by adding child as a random intercepts e ect with a by-child random slope for the e ect
of word frequency as the frequency a word occurs in the child's environment might di er
between children. All qualitative predictors of our models have been z-transformed using
the R-commandrescale , and INT-, and LoA-values, as well as word frequency have been
log-transformed because of their skewed distributions. To analyze the model outputs, we
conducted full-null model comparisons. This was targeted against the predictors we are

genuinely interested in (INT, EXT, LoA). As null model we de ne model 6.

1 Note that we did not mention the LoA growth scenario in the preregistration explicitly, but only stated
that we might add other growth scenarios in the section “exploratory analyses'.
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produced age+ length + frequency+ 6
(1 + frequencyjjchild) ©
To take the three di erent vocabulary growth scenarios into account, we added the INT,
EXT, and LoA values as xed e ects including an interaction with age, because the way
the network grows (INT, EXT, LoA) could change with age. This de nes the full model
(model 7).

produced (INT + EXT + LoA) age+ length + frequency+ ;
(1 + frequencyjjchild) )
Since we also want to know for how much each individual growth mechanism accounts
for, we tted additional models with two of each mechanisms (model 8). Thus, we can
compare the full model with all three mechanisms with the one with only two mechanisms
(e.g., EXT and LoA) to nd out the in uence of the missing third growth mechanism
(e.g., INT). Note that we did not preregister this model, but considered it necessary to

weigh up the models against each other.

produced (EXT + LoA) age+ length + frequency+ g

(1 + frequencyijjchild) ©

We tted models 7 and 8 with INT, EXT and LoA values of phonology or semantics,
respectively. To get insights into the interplay of semantics and phonology, we additionally

tted model 9, which included INT from both semantics and phonology. We tted the
same model again with EXT or LoA from both semantics and phonology instead of INT

from these domains. We added an interaction between the respective growth model values

in semantics and phonology to investigate their relationship, e.g. which impact large

INT/EXT/LoA values in both phonological and semantic networks on producing a word
have. Note that we preregistered a model without an interaction with age; however, since
we included this interaction to the other models and the insights could be insightful, we

also added it here.
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produced INTsem INTphon age+ length + frequency+ ©)
(1 + frequencyjjchild)

Note that we also tted models with only one of the growth hypotheses as predictors
(e.g., produced INTg¢m age+ length + frequency + (1 + frequencyijjchild)), but we
are mostly interested in how one predictor increases model t when we add it to the other
two predictors to weigh them against each other. The model output is not discussed in

the results section of this paper, but can be found in Appendix B.2.1.

3. Results

To get insights into the impact of INT, EXT, and LoA in the semantics and phonology
domain, we will rst report the model t of all tted models, and second present the

outcome of each individual predictor in these models.

3.1. Model t

To investigate which (combination of) network growth scenario(s) describes the actual
vocabulary growth best, we tested the goodness of t for all models described in the
previous section by using the AIC andR? (see Figure 8). The results of both tests are
consistent: While all tted models 12 were statistically signi cantly di erent from the null
model, the models based on semantic connectivity performed better than the models based
on phonological connectivity. Within each domain (semantic or phonological connectivity),
INT models performed better than LoA models, and the EXT models were only marginally
di erent from the null model. How much each model di ered in comparison to the null
model is presented in Figure 15. This visualization shows how much predictive power each
(combination of) predictor(s) has on top of other factors which are known to in uence word
acquisition, i.e., age of each child, word length and word frequency.

Within the phonology models, the model including only INT, EXT and LOA values

as predictors performed the best and improved model t by 0.59% (compare Figure 15).

12Note that the LoA sem+phon model did not fully converge, with a maximum gradient of 0.0020046,
slightly above the convergence tolerance of 0.002. This indicates potential instability in the model's
estimates. Despite this, the gradient being only slightly above the threshold suggests that the model's
results are reasonably close to accurate, allowing for cautious interpretation of the ndings.
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Model K  AlCc AlCc R?
INT (phon+sem) 12 364714.4 0.00 0.4934
INT+EXT+LOA (sem) 12 365326.8 612.44 0.4925
INT+LOA (sem) 10 365520.0 805.58 0.4922
INT+EXT (sem) 10 365895.5 1181.03 0.4917
LoA (phon+sem)?! 12 366766.2 2051.75 0.4910
EXT+LoA (sem) 10 368427.3 3712.88 0.4881
INT+EXT+LOA (phon) 12 405114.6 40400.18 0.4298
INT+LoA (phon) 10 405640.9 40926.48 0.4290
INT+EXT (phon) 10 406072.0 41357.54 0.4281
EXT (phon+sem) 12 407796.6 43082.19 0.4254
EXT+LoA (phon) 10 407867.3 43152.90 0.4252
Null 6 408700.5 43986.13 0.4239

Table 8: AICc comparison of all models and theirR? values. INote that this model failed
to converge with maxjgradj = 0:0020046 and a tolerance of 0.002.

Adding INT to the EXT+LoA model improved model t by 0.46%, followed by adding LoA
to the INT+EXT model (0.17%); adding EXT to the INT+LoA model improved model

t only slightly (0.08%). Overall, phonological connectivity does not seem to predict word
production in a strong way.

Models based on semantic connectivity tthe data better (compare Figure 15). As was
the case for phonology models, the model with INT, EXT and LOA resulted in the best
model t, improving the t by 6.86% in comparison to the null model. Adding INT to the
EXT+LoA model increased model t more (0.44%) than adding LoA to the INT+EXT
model (0.08%). Adding EXT to the INT+LoA model improved model t only slightly
(0.03%).

The models including only INT, EXT or LoA values, but from both phonology and
semantics show a strong di erence between EXT and INT/LoA. INT values of phonology
and semantics show the overall best model t with an increase of 6.95% in comparison to
the null model (compare Figure 15). Similarly, the semantics and phonology LoA model
improves model tby 6.71%. The EXT model with semantics and phonology improves the
model t only slightly, showing that the inclusion of semantics is not the only important
factor, but that either semantics INT or semantics LoA has to be included to achieve an
improvement of more than 1%.

Knowing that semantic connectivity is a better predictor of producing a word than

phonological connectivity, and that INT and the LoA are the better performing growth

68



I1l. The interplay of vocabulary growth mechanisms in sound and/or meaning

Figure 15: Di erence in the explanatory power of all models compared to the null model.
Values are based orR?-values*100. Note that the LoA sem+phon model failed
to converge with maxjgradj = 0:0020046 and a tolerance of 0.002.

hypotheses, we take a closer look at the nature of these predictors, i.e., whether highly
connected words have a leveraging or hindering in uence on word learning and how each

predictor interacts with age.

3.2. Predictor results

With regards to the predictors age, word frequency and word length, our results show
that age and word frequency have a leveraging e ect on word learning such that the
probability of a word being produced is higher for older children and for words which
are more frequent. Word length has a negative impact, meaning that shorter words are

produced earlier than longer words (compare Tables in the Appendix B.2.1).

Phonological networks As described above, the phonological connectivity has only a
small impact on model t once the in uence of age, word length and word frequency has
been accounted for. INT and LoA are stronger predictors of a word production than EXT,
with higher INT and smaller LoA values increasing the probability of production (compare
Figure 16 and Table 14). Higher EXT values increase word production probability, but as
can be seen by the smaller gap between the lines in Figure 16, this e ect is weaker than
for INT and LoA (compare also Table 14 in the Appendix). When we look at the change

of the in uence during development, we nd that the impact of INT is higher early in
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(a) Interaction of INT (phon) and age (b) Interaction of EXT (phon) and age

(c) Interaction of LoA (phon) and age

Figure 16: E ect plots of phonology INT, EXT and the LoA and their interaction with
age.

development, gets weaker up until 29-30 months, from where larger INT values are now
associated with a lower probability of a word being produced compared to smaller INT-

values. The e ect size for LOA stays the same and gets weaker to the end of our studied
age interval. The impact of EXT does not change dependent on age, which is con rmed
by a non-signi cant interaction of EXT and age (compare Table 14). Overall, children

seem to prot most of high internal connectivity of words early in development.

Semantic networks Within the semantic domain, which is a much stronger predictor
of a word being produced, INT and LoA show a positive e ect, i.e., that higher values
are associated with a higher probability of word production. This e ect is much stronger
early in development (compare Figure 17 and Table 15). Higher EXT values show an
increased probability to be produced early in development only; later in development the
e ect reverses such that words with higher EXT values have a lower probability of being

produced than those with lower EXT values. Regarding the e ect size, the estimates of
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INT and the LoA are much higher than those of EXT (compare Tables 15).

(a) Interaction of INT (sem) and age (b) Interaction of EXT (sem) and age

(c) Interaction of LoA (sem) and age

Figure 17: E ect plots of semantics INT, EXT and LoA and their interaction with age.

Phonological and semantic networks To explore how semantics and phonology interact
in word learning, we tted models which included either INT, EXT or the LoA values,
but were based on both semantic connectivity and phonological connectivity, i.e., models
of the following form: produced INTsem INThon age+ length + frequency + (1 +
frequencyjjchild). The model summary shows similar results to what we already reported
for the only-semantics and only-phonology models: phonological connectivity is a much
weaker predictor of a word being produced than semantic connectivity (compare Table
18), and INT values and LoA values show a stronger e ect than EXT values (compare
Table 18, 24 and 21). Interestingly, the e ect of phonology-LoA (LoAphon) is reversed
in comparison to the model without the semantics-LoA (LoAsem) as xed e ect, where
high LoAphon-values impede word production. This could indicate that semantic and

phonological connectivity in uence on each other. In the following, we take a closer look at
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Figure 18: E ect plots of INT in the model which includes INT values for semantic and
phonological networks as predictor.

the in uence of semantic and phonological connectivity on each other by plotting INTsem
or LoAsem dependent on INTphon, OF LOAphon, respectively. Due to the small e ect size of
EXT (see Figure 15 and Table 8), the respective EXT-plots are not included here, but can
be found in the appendix. These e ect plots show di erent sizes of INTsem (Or EXT sem
or LoAsem) and INT pnon (Or EXT phon OF LOAphon), in di erent age groups. In this way,
we can detect changes in the predictor under investigation, e.g., Lofnon, dependent on
di erent sizes of the other predictor, e.g., INTsem, and age.

The interaction of INT sem and INT phon is visualized in Figure 18. It shows that, early in
development, high INT o, Values increase the probability that a word will be produced
when the INTg¢em values are small. When the INTsem values increase, additional high
INT phon Values decrease the probability of a word being produced compared to lower
INT phon Values. This e ect vanishes later in development, where words with high INTynon
values always have a lower probability to be learned compared to lower INfhon values,
independent of the size of the INTge, Values.

A similar e ect is visible for LOA sem and LoApnhon Values (Figure 19). Early in devel-
opment, high LoAphon Values increase the probability of word production when LoAem

values are small. As soon as the Lo values increase, the e ect of LoAnon reverses,
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Figure 19: E ect plots of LoA in the model which includes LoA values for semantic and
phonological networks as predictor.

such that then higher LoAyhon Values are associated with a lower probability of word pro-
duction than smaller LoA yhon values. Similar to what we found for INT, this e ect exists
for young children, but disappears later on, where words with higher LoAnon values have
a lower probability to be produced than words with smaller LoApnon Values.

It is important to note, however, that the model with LOA sem and LoApnon Values did
not fully converge, with the maximum gradient being very close to the tolerance value.
While this suggests we can cautiously interpret the predictors, the lack of full convergence
could indicate potential instability in the model's estimates. As long as the gradient is not
substantially larger than the tolerance, the model can provide useful insights, although
one should remain mindful of the potential for less precision-3

While we found an interaction of INT sem and INT phon, and LOAsem and LOAphon, We
could not nd any interaction of EXT sem and EXT phon. Independently of EXT sem, larger

EXT phon Values always increase the word production probability (compare Figure 32).

13The model's maximum gradient being close to the tolerance value means that the optimization process
may not have fully converged to the optimal parameter values. This might a ect the stability and
precision of the estimates. Despite this, the gradient being only slightly above the threshold suggests
that the model's results are reasonably close to accurate, allowing for cautious interpretation of the
ndings.
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4. Discussion

The current study aimed to explore the in uence of phonological and semantic connectiv-
ity of words and their interaction on vocabulary growth. We tested three di erent growth

mechanism which describe the connectivity of words in the child's environment (EXT
vocabulary growth scenario), of words a child already knows (INT vocabulary growth sce-
nario) and of yet-to-be-learned words to already known words (LoA vocabulary growth
scenario). An important objective of our study was to investigate phonological and se-
mantic connectivity simultaneously, and to include other factors known to in uence word

learning to get a comprehensive insight into the development of early vocabulary net-
works. In the following, we will rst discuss whether the early lexicon grows in an INT,

EXT or LoA manner, second, integrate the ndings into existing research, third, discuss
how phonological and semantic connectivity in uence each other, and fourth, discuss the

limitations of the current study and outline directions for future research.

4.1. The role of INT, EXT and LoA in early word learning

An overview of the predictors INT, EXT and the LoA of the semantic and phonological
domain in dierent models is provided in Table 9. A leveraging e ect, meaning that
higher values of the respective predictor lead to an increased probability of a word being
produced, is indicated by "+, and a hindering e ect, that higher values are associated
with a lower probability of a word being produced, by ~ '. A change of symbols indicates

that the in uence of the predictor changes with age.

Model Phonology Semantics Semantics + Phonology

INT + | 1 + early dampening e ect
EXT + + 1 2 no dampening e ect
LoA + early dampening e ect

Table 9: Direction of predictors INT, EXT and LoA in all models. E.g., row 2 shows
that the e ect of EXT in the phonology model is positive. In the last third of
the investigated age range (at 30 months), the e ect reverses (compare Figure
16a) 2After the rst third (at 23 months), the e ect reverses (compare Figure
17b).

The internal network growth scenario, INT , has a leveraging e ect on word learn-

ing in the semantic domain. This means that words which are similar in meaning to many
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other words in the existing network of a child attract new similar meaning words. In the
phonological domain, highly internally connected words only leverage word production
early in development, meaning that words that are similar in sound to many words in the
already existing lexicon attract similar sounding words such that they have an increased
probability to be produced. This e ect reverses later on such that new words are more
di cult to learn when they sound similar to words that sound themselves similar to many
words in the lexicon. This indicates that children benet from phonological similarity
within the lexicon early in development, but as the lexicon grows and the phonological
network gets denser, words are more di cult to di erentiate such that learning is impeded.

When internal phonological and semanticconnectivity is looked at simultaneously, we
nd an interaction of phonological connectivity with semantic connectivity. When seman-
tic connectivity is low and a child is young, phonological connectivity has a leveraging
impact (compare purple and red line in the top left subplot in Figure 18). As the seman-
tic connectivity increases, we nd an inhibitory e ect of simultaneous high semantic and
phonological connectivity: In Figure 18, the steeper curves at low phonological connectiv-
ity (red line) compared to high (purple line) indicate that the leveraging e ect of semantic
similarity is attenuated by concurrent similarity in sound early in development. Thus,
it seems to be easier for children to learn words that are semantically similar to many
known words, but not phonologically similar to many words at the same time. However,
this e ect is not strong enough that the probability of producing a word decreases with
increasing semantic and phonological similarity { it just does not increase as much as when
phonological similarity is low. We suggest that when children have no other resources to
draw on, they rely on similarity in sound to learn words. As soon as they have access to
information about semantic similarity, they resort to it; if words are then similar to many
other words on a semantic level, additional phonological similarity to many words has a
compounding e ect { possibly because similarities on both levels make it more di cult to
distinguish new words from similar known words.

The external network growth scenario (EXT) has a smaller e ect on word pro-
duction compared to internal network growth (INT). Generally, the probability of word
production increases for words that arephonologically similar to many other words in the
child's environment, consistent with Storkel (2004)'s ndings. However, for semantically

similar words, this e ect is only evident early in development. From approximately 23
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months onward, highly externally connected words become more di cult to learn (see
Figure 17b). This shift in EXT's in uence from facilitating to impeding learning could be
attributed to the increasing density of semantic categories. Initially, semantic similarity
aids learning by allowing children to generalize across similar objects. As their vocabulary
expands and the semantic space becomes denser, distinguishing between similar items be-
comes more challenging, leading to potential di culties. This agrees with observations of
overgeneralization in early language development due to category errors, pragmatic adap-
tations (Neisser, 1989; Bloom, 2013), or errors in lexical retrieval (Gershko -Stowe et al.,
2006). For instance, a child may use the word “apple' not only for apples but also for other
fruits like pears. While a parent might report “apple' as learned, they may overlook these
overgeneralizations. Initially, learning words within a category like fruit may be easier,
but as the child's vocabulary grows, the need for more precise di erentiation increases.
Thus, high semantic similarity, while bene cial early on, may become a hindrance as the
child's lexicon expands, requiring more nuanced distinctions within increasingly crowded
semantic categories.

The Lure of Associates, LoA, the network growth scenario, which focuses on the
connectivity to words in the lexicon, has a leveraging e ect in the semantic domain. In
other words, words which are similar in meaning to many already learned words are easier
to learn than words which are similar to fewer already-learned words. This is consistent
with Borovsky et al. (2016) who found in a word recognition study that infants show more
robust recognition of words which are semantically similar to many already learned words.
In the phonology domain, the e ect of LOA is of hindering nature: words which sound
similar to many already learned words are more di cult to learn than words which are
phonologically similar to fewer words in the child's lexicon. This is in line with the results
of Swingley & Aslin (2007), who found in a word learning task that word learning is more
di cult if a word sounds similar to an already learned word compared to a word that
has no phonological neighbor in the child's lexicon. Thus, a child might not be able to
di erentiate between the new and the already known words or does not realize that the
utterance actually includes a new word because it sounds too similar to an already-learned
word. As children get older, the inhibitory e ect gets weaker, which could indicate that
children get better at recognizing the small di erences between the sounds of the words.

When we consider the connectivity of a word to already-learned words (LoA) insound
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and meaning simultaneously, we nd e ects which are very similar to the e ects we found
for INT: Low semantic connectivity to words in the lexicon leads to a positive e ect of
phonological connectivity early in development. Once the semantic connectivity increases
slightly and/or the child gets older, additional phonological connectivity has an impeding

e ect (compare Figure 19). The initial leveraging e ect is a somewhat counter-intuitive
property of LOA because, as we discussed before, high phonological connectivity has a
hindering e ect when we only consider phonology (compare Figure 16c). An explanation
for this could be that the only-phonology LoA model does not have any insights into the
semantic connectivity, and therefore includes all LoA-values into one prediction. In a more
illustrative manner, envision merging all lines from each of the four subplots in Figure 33
into a single line. This line would have a negative slope overall since the average slope of
the four lines is negative. Thus, the overall prediction would be that phonology-LoA has

a hindering e ect on word learning - in other words, the leveraging e ect depending on
the size of semantic connectivity is hidden in the only-phonology LoA-model. This would
mean that early in development, when children do not have many resources on which they
can build on, and also cannot access any information about similarity in meaning, they
rely on similarity in sound to words in the lexicon. Once semantic similarity to words in
the lexicon is available, phonological similarity on top hinders learning. While semantic
similarity to words in the lexicon is overall a leveraging property, additional phonological

similarity dampens this e ect, as was similarly the case for INT.14

The outcome of the goodness-of- t tests support the general nding that semantic con-
nectivity is a stronger leveraging factor than phonological connectivity. The percentage of
how much of the data is explained by the model increases from 42.52% in the EXT+L0A-
phonology-model to 48.81% in the EXT+LoA-semantics-model, from 42.81% to 49.17%
in the INT+EXT-models, and from 42.90% to 49.22% in the INT+LoA-models, respec-
tively. The model which combines INT-values of phonology and semantics performs best
overall, which does not mean that phonological and semantic connectivity in combination

leverages word learning even more than solely semantic similarity, but that the processes

4While our ndings provide valuable insights into the roles of semantic and phonological connectivity,
it is important to reiterate that the model incorporating LoA values did not fully converge, with the
maximum gradient very close to the tolerance value. As explained in the results section, this indicates
potential instability in the model's estimates. Despite this, the gradient being only slightly above
the threshold suggests that the model's results are reasonably close to accurate. Therefore, while the
ndings are informative, they should be interpreted with caution.
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Figure 20: Impact of vocabulary growth scenarios during development (age in months).
Green visualizes a positive impact, red a negative; stronger colors represent a
higher impact.

of word learning could be captured better by the model when we consider both instead of
only one domain. The goodness-of- t also indicates that high internal connectivity (INT)
and a large number of connections to words in the lexicon (LoA) drives word learning in

a more powerful way than the connectivity of a word in the child's environment (EXT).

To bring together INT, EXT and LoA as well as the semantic and phonology domain
and age, we visualized their impact on a timeline (Figure 20) which represents the age
of a child in months. Green visualizes a positive impact, red a negative; stronger colors
represent a higher impact. We see that the main driving factor in lexical learning is
semantically highly connected words in the lexicon which attract new similar words, and
that words that are semantically similar to many already learned words in the lexicon are
easier to learn.

A counter-intuitive property of the in uence of phonological similarity is getting visible
in the timeline: Words with many similar-sounding words in the lexicon attract new
similar-sounding words (INT), but a word which is similar to many words in the lexicon
(LoA) which are not necessarily phonologically similar to each other are more di cult to
learn. At rst, we would assume that if word A is similar to B and word B is similar to
word C, then word A would also be similar to C { in other words that word similarity
is transitive. Yet, while cat is similar to cap and cap is similar to cup, the words cat
and cup are further apart. We still assume that, for a larger number of words, A and C
would still be more similar to each other than A to another word which is not similar to

B, e.g., leg Applying this to the negative e ect of LoA and the positive e ect of INT,
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it could be that many words which are very similar to a to-be-learned word (LoA) make
the learning of a word more di cult due to di culties in di erentiation or the ability to
consider a new word a new word because it sounds too similar to already learned words.
If the child, however, already knows many words which are somewhat similar (INT), the
learning could be leveraged. The extend to which words have to be similar to be helpful
or impeding could be explored by using weighted edges between nodes, in other words to
provide the network with information on how similar words are and not just if they are

similar.

4.2. Integration of our results into previous network-research

Our results that INT, EXT and the LoA are predictive of vocabulary growth in the
semantic and phonology domain, go hand in hand with ndings of some previous studies
about the development of early vocabulary networks, and challenge the ndings of other
research.

Our results con rm what Siew & Vitevitch (2020b) found for INT and EXT for 3-9-year-
old Dutch children in the phonology domain for a younger age group of Norwegian children.
Similar to the change of impact direction we found for INT, Siew & Vitevitch found that
high INT-values leverage learning early in development, and later in development, words
with lower INT-values are learned earlier (called ‘inverse INT'). However, our changing
point is at approximately 30 months, which is much earlier than the changing point at 6-7
years which Siew & Vitevitch found. One reason for this could be that this e ect does
not really exist, but rather arises from the nature of the data used. Both we and Siew &
Vitevitch (2020b) used CDI data. Since it is very likely that the children know more words
at the end of the age windows under consideration than the CDI data contain, inverse INT
could simply be a ceiling e ect (compare Kalinowski et al. 2024 for a similar e ect). In
order to avoid a ceiling e ect and to nd an undoubted inverse e ect of INT in later
developmental phases, it would therefore be advisable to conduct the study with all the
words that the children know, which can be done using audio recordings, for example. The
positive impact of semantics INT, EXT and LoA was also found by Beckage & Colunga
(2019) for late talkers.

Our results challenge the ndings of Cox & Haebig (2023); Fourtassi et al. (2020); Hills
et al. (2009), who found that only EXT, but not INT is a signi cant predictor of word
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learning. All three studies used normative data such that this could be a reason why an
e ect of INT could not be found; yet Siew & Vitevitch (2020b) and Ciaglia et al. (2023)
also used normative data and found that INT is, among other growth scenarios, a predictor
of word learning, but Ciaglia et al. (2023) argues that INT is less predictive than EXT. As
all studies who used longitudinal data found an e ect of INT, we suggest that longitudinal
data are not necessarily needed to nd an e ect of INT, but make it more likely.
Regarding LoA, we found consistent results to existing research in the semantics do-
main, such that there is an overall agreement that learning a new word is leveraged when
children already know words which are semantically similar (Cox & Haebig, 2023; Beckage
& Colunga, 2019; Hills et al., 2009). However, our results show that word learning is more
di cult when children already know many similar sounding words. Previous research has
suggested the opposite { that phonological similarity to already known words facilitates
word learning. However, these studies have focused on speci ¢ populations: late talkers
(Beckage & Colunga, 2019), adult second language learners (Luef, 2022), and children
aged 3-8 years (Siew & Vitevitch, 2020b). The late talkers were 15-27 months old and
therefore on average younger than our age group (17-36 months). We found that early in
development similarity in sound to already learned words leverages learning when semantic
similarity is not yet an available aid, but changes to a hindering property quickly (com-
pare Figure 19). Considering the later onset of speech production in late talkers, Beckage
& Colunga (2019) may not have captured this transition point, where the facilitating ef-
fect of phonological similarity turns into a hindering one. This shift might occur later
in late talkers than in our group of typically developing children. A second explanation
could be that late talkers build more strongly and/or for a longer time on phonological
similarity than normally developing children. The contrasting results to the adult second
language learners (Luef, 2022), where phonological similarity to already known words has
a leveraging e ect on word learning does not contradict our ndings, as second language
learning in adults involves conscious learning strategies, a fully developed rst language,
and meta-cognitive skills, which di er signi cantly from early word learning in children.
The positive impact of LoA for 3-9-year-old children could only be found for Dutch, but
not for English children. Combined with our ndings that high LoA levels hinder word
learning in Norwegian children, this raises the question of whether this growth mechanism

functions di erently across languages.
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4.3. Interplay of sound and meaning

A novel aim of this study was to explore the interplay of semantic and phonological
similarity in early word learning. We investigated whether such an interplay exists and,
if this was the case, its nature within each respective network growth scenario. Indeed,
we found that the impact of semantic and phonological connectivity is in uenced by each
other in two of the three network growth scenarios, i.e., INT and LoA: Words which are
similar to many already learned words in meaning but not in sound are easier to acquire
than words which are additionally similar in sound to many already learned words. Higher
semantic connectivity still increases the probability of a word to be produced compared
to lower semantic similarity, no matter how high the additional phonological connectivity
is. We therefore call this the dampening e ect of phonological similarity. The interaction
of phonological and semantic connectivity has only a dampening e ect on the semantic
domain, likely because semantic similarity has a strong in uence on word learning. In the
phonological domain, we do not see a dampening e ect of high semantic connectivity but a
reversing e ect: The negative in uence of high phonological connectivity is reversed when
semantic connectivity is low, such that early in development when children cannot use
semantic similarity as learning aid, phonological similarity to words in the child's lexicon
can be helpful.

We propose that the discriminability of words gets more di cult when a word is similar
to many other words in both meaning and sound, which is why the learning of a new
word is more demanding. For easier comprehension we visualized this situation in Figure
21: Imagine two words (A and B) which di er in semantics and phonology are yet-to-be-
learned by a child. Word A and B do not have the same number of connections to the
words in the lexicon. Word A is phonologically similar to seven words, and semantically
similar to eight words. Word B is semantically similar to seven words, but only to two
words phonologically similar. In order to learn the new words, a child has to discriminate
the new words from the already learned words. Word A is not easy to discriminate to
the other words on the semantic or phonological level because the lexicon already includes
many similar words in both areas. It takes more e ort to di erentiate the new word
from the already learned words because the child has to detect smaller di erences to more
similar words. Word B is also semantically similar to many words in the lexicon, but, in

contrast to word A, does not resemble many already-learned words in sound. Therefore,
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Figure 21: Visualization of the dampening e ect of concurrent medium connectivity in
semantics and high connectivity in phonology (left) and medium connectivity
in semantics and low connectivity in phonology (right). Lexicon A and B show
the same lexicon, but represent it from the perspective of word A or word B,
respectively.

the child can use the di erence in sound to other words to discriminate a new word from

already learned words.

4.4. Limitations and possible directions for future research

Finally, we would like to point out the limitations of this work. First, the words which
were included in our networks were exclusively nouns. While we expect other word types
to behave in a similar manner because the results of this study agree with the results
of a previous study where we included all word types in the phonological domain only
(Kalinowski et al., 2024), we cannot be certain that the results hold for the semantic
domain. Second, we investigated production data; we thus cannot rule out that some of
the mechanisms described in this paper are related to production-speci ¢ processes. For
example, the production of words which are similar to already learned words are likely
to be in uenced by ease of production as children draw on what sounds they can already
produce. Replicating this study with comprehension-data could provide further insight
into the nature of word learning dependent on form and meaning, and di erences between

production and comprehension. Third, and this is connected to the aforementioned limited
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number of sounds a child can produce, we looked at the target pronunciation of words.
As Laing (2025) pointed out, the way a word is produced by adults and the way a child
produces it when it rst produces it, may be very di erent. However, as Laing did not
nd great di erences between the results of target and actual pronunciation networks in
phonology, we assume that the same would be the case here. Fourth, the children in our
data are stereotypical children. We, therefore, cannot generalize our ndings to children
with developmental delays, autism, late talkers or other non-stereotypical characteristics.
Further research on this topic could include non-stereotypical children and/or provide
insights into inter-individual di erences in network growth. Finally, the CDI we used only
includes a de ned set of words children are expected to learn early in development. The
older a child gets, the more words it will have learned which are not part of the CDI. It
would, therefore, be interesting to analyze vocabulary networks which are based on all
words a child knows at a certain age and not be restricted to the CDI data { especially as

children get older and to avoid a ceiling e ect.

5. Summary

Drawing on previous studies that have so far only looked at semantic or phonological net-
works and either INT, EXT or the LoA, we considered all three network growth scenarios
at a time and additionally include both semantic and phonological connectivity. We nd
that all three network growth scenarios impact word learning to varying degrees and that
phonological and semantic connectivity in uence each other. This shows how complex and
interwoven vocabulary learning is, and that we cannot reduce vocabulary network growth
to either INT, EXT or LOA alone.

The main ndings of our study show that word learning is to a large extend driven
by a rich-get-richer approach where children build on what they already know. Semantic
similarity is a stronger learning aid than phonological similarity such that the probability
of a word being learned increases more when a word is similar in meaning to many already
learned words than when a word is similar in sound. Our results also suggest that children
use di erent strategies dependent on their developmental stage as the resources they can
access are dierent at each point in development. It is possible that initially helpful
methods such as phonological similarity lead to di culties later on when the phonological

space gets too dense. We nd that all strategies are more helpful early in development
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which could indicate that children develop other strategies with time and get better in
word learning in general so that they do not need to use the initial helpful phonological
and semantic similarities anymore. Crucially, we nd that words which are semantically
and phonologically highly connected to already learned words are more di cult to learn
than when they are only connected in one domain.

Overall, our results show that word learning is a complex mechanism, in uenced not only
by di erent factors such as age, word length and frequency, but in addition by multiple vo-
cabulary growth mechanisms based on both semantic and phonological similarity. Future
research should consider all these in uential factors to get a comprehensive understanding

of word acquisition.
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Abstract Understanding how children acquire language requires examining
the mechanisms that shape the development of their lexical networks. Past
research has investigated the role of internal similarity structures (Prefer-
ential Attachment/INT), external similarity structures (Preferential Acquisi-
tion/EXT), and similarities of to-be-learned words to words in the lexicon
(Lure of Associates/LoA) in the development of the early vocabulary. While
INT, EXT and LoA were investigated for the average child, di erences in the
use of these mechanism between children are unknown. Therefore, this work
explores variability across children to determine whether certain growth mech-
anisms dominate in the growth of early phonological and semantic vocabulary
networks in di erent children. Using longitudinal data, we nd that most chil-
dren's vocabularies grow in a INT-manner, with words that are phonologically
or semantically similar to many already-known words facilitating acquisition
of new similar words. Further, LOA also play a prominent role in semantic
network growth while external similarity only has a small in uence. Impor-
tantly, we uncover substantial individual di erences in how children rely on
INT, EXT, and LoA, with some favoring one mechanism while others balance
multiple strategies. These ndings highlight the complexity of early language
acquisition, suggesting that children may adopt diverse strategies in response

to their linguistic environment and cognitive capacities.
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1. Introduction

Understanding how a child's lexicon develops and the mechanisms driving this process
lies at the heart of language acquisition research. One key in uence is the child's lexi-
cal environment as well as the words a child already knows. More speci cally, research
shows that words that are semantically or phonologically similar to words in the child's
environment are learned more easily than words that do not share similarities to other
words in sound or meaning (Preferential Acquisition/EXT; Fourtassi et al., 2020; Ciaglia
et al., 2023; Cox & Haebig, 2023; Hills et al., 2009; Kalinowski et al., 2024, Chapter llI).
In addition to the words in the child's environment, the words a child already knows also
in uence which words a child will learn next. While most studies found that words in
the child's lexicon which are phonologically similar to many other words in the child's
lexicon leverage the learning of new similar words (Preferential Attachment/INT; Kali-
nowski et al., 2024; Ciaglia et al., 2023; Laing, 2025; Siew & Vitevitch, 2020b), the results
on the level of semantic similarity are mixed: Some studies found that words which are
semantically similar to many other words in the child's lexicon attract new words with
similar meanings (Ciaglia et al., 2023, Chapter IIl), and other studies could not nd an
e ect of internal semantic similarity on word learning (Cox & Haebig, 2023; Fourtassi et
al., 2020; Hills et al., 2009). Furthermore, words that are semantically similar to many
already known words are learned earlier (Lure of Associates/LoA; Hills et al., 2009; Cox
& Haebig, 2023, Chapter Ill), but those that are phonologically similar later (Lure of
Associates/LoA; Chapter III).

The previously described in uences of the similarity relationships between a new word
and the words in the child's environment or lexicon on the learning of this new word are rep-
resented by three theories: Preferential Acquisition/EXT, Preferential Attachment/INT
and the Lure of Associates/LoA. These theories represent a child's growing vocabulary as
a growing network, where every word is a node and the connections between the nodes
mirror similarity relations. Thus, in phonological networks a connection between words
exist when they are phonologically similar and in semantic networks when they are se-
mantically similar. When a new word is learned, it is added to this network along with
new connections to other words. By using these growing networks, and hence the informa-
tion about which words are added to the network and which connections are formed with

words that have already been learned, it can be identi ed which mechanism drive network
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growth { and thus the growth of the child's vocabulary. More precisely, we can determine
whether the internal similarity relationships (INT), i.e. the connections between words
in the child's vocabulary, the similarities of a novel word to words in the lexicon (LoA)
or the external similarity relationships (EXT), i.e. the words in the child's environment,
in uence which words are learned next.

Despite extensive research on whether a child's lexical network grows in an internal or
external manner, existing studies have primarily focused on average vocabulary growth.
However, children vary widely in the size of their comprehensive and productive vocabulary
(Halle et al., 2009; Weisleder & Fernald, 2013), and not all children learn words in the
same manner (Bloom, 1993; Dixon Jr & Shore, 1997; Dixon & Smith, 2000). Furthermore,
birth order and maternal education in uence the degree to which children use internal and
external similarity structures when they learn new words (Kalinowski et al., 2024, Chapter
I1). Therefore, it is possible that we also nd individual di erences with regards to the
degree to which di erent children utilize di erent similarity structures in their environment
or their lexicon.

To investigate whether the vocabulary networks of di erent children grow in a di erent
manner, this chapter introduces a modi ed model structure compared to the ones used
in Kalinowski et al. (2024) (Chapter 1) and Chapter Ill. More speci cally, the random
e ects INT and EXT, and LoA for the semantics model, respectively, is added as random
intercepts for the random e ect child . This adjustment allows us to capture potential
individual di erences in the use of INT, EXT and LoOA.

If the results show variability between children, two di erent scenarios could cause this
di erence: First, some children might utilize similarity structures in general more strongly
than others, which results in INT, EXT and LoA all having a stronger e ect for some
children while they are all weaker for others. Second, children might have a preference for
a strategy so that some vocabularies grow INT-wise, while others grow EXT- or LoA-wise.
Naturally, these two options are not mutually exclusive so that some children might use
similarity structures in general more strongly than others, but also have a preference for
one. Therefore, we ask whether (1) a child's network grows predominantly in INT, EXT
or LoA ways or if there is no preferred growth mechanism, and (2) whether children with
higher e ect values in one growth mechanism (e.g., INT) also tend to have higher values

in the other mechanisms (e.g., EXT and LoA).
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2. Methods

We use the same CDI data (wordbank, Frank et al. 2017) and phonological similarity
measure (FDMS) as Kalinowski et al. (2024) (Chapter II) and the same semantic similarity
measure (semantic associations) as was used in Chapter Ill. To explore the impact of INT,
EXT and LoA on individual children, we add INT and EXT as random intercepts for the
random e ect child to the phonology model, and INT, EXT and LoA to the semantics
model. Apart from the inclusion of the random e ect child , we did not change the
syntax of the respective models, i.e., added or removed certain predictors in comparison
to the models in Chapter Il and Il to ensure comparability of the models. By keeping
everything the same except for the random e ects, we ensure that possible di erences in
the results are solely due to the added random slopes, and are not caused by di erences
in distance measures. Thus, the two models which we tted in the current project (Model
10 and Model 11) do not exhibit the same syntax, but can both provide insights into the

individual use of INT, EXT or LoA.

produced (INT + EXT) (mom_ed+ age+ birth _order)+

length + frequency + sex+

(10)

(1+ INT + EXT + frequencyjjchild)+

+(1+ age+ frequencyjjcategory)
produced (INT + EXT + LoA) age+ length + frequency+ 1)
11

(L+ INT + EXT + LoA + frequencyjjchild)

The random e ect structure gives us insights into existing variability between children.
However, it does not show whether a speci ¢ child's network utilizes phonological/semantic
similarities in a stronger way in general, no matter whether in its environment or in its
lexicon, or whether the child prefers a certain strategy over another, i.e., EXT over INT or
LoA or vice versa. In order to get insights into the di erent methods used by a child, for
each of the three growth mechanisms, we take the xed e ect estimate and add it to the

random e ect of this child. This provides the total e ect for each individual child, which
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includes the average e ect (xed) and the individual deviation (random). The larger
the e ect, the more impact the respective growth mechanism has. We visualize these
e ects using scatter plots, where each dot stands for a child. For better interpretation,
we additionally group the dots/children into categories. Using di erent colors, they show
which of the three estimates is the most prominent for the vocabulary network growth of
each individual child. For the phonological networks (Model 10), we used the following

conditions to de ne which mechanism is the most prominent:

1. The vocabulary network of a child grows predominantly following INT if

jINTj j EXTj 1.

2. The vocabulary network of a child grows predominantly following EXT if

JEXTj j INTj 1.

3. The vocabulary network growth of a child follows no predominant strategy if

JEXTj J INTjj2 [0;1).

These conditions highlight the vocabulary network of a child as growing in INT or EXT
ways if the di erence between their e ects is larger than or equal to 11° This also accounts
for cases where the inverse strategy is used, e.g., when INT is not helpful for learning, but
hinders word acquisition. In cases where the di erence between the e ects is smaller than
1, we use a third color to show that the vocabulary growth does not follow a predominant
strategy.

For the semantic networks (Model 11), we used the following conditions:

1. The vocabulary network of a child grows predominantly following INT if:

INT j EXTj~INT j EXTj 17INT LoA 1

2. The vocabulary network of a child grows predominantly following LoA if:

LoA j EXTj” LoA j EXTj 17LoA INT 1

3. The vocabulary network of a child grows predominantly following EXT if:

JEXTj INT 1AjEXTj LoA 1

5The di erence of 1 was neither chosen based on previous literature on this topic, nor was this threshold
calculated based on any values. It was purely chosen to get a better idea of the di erent strategies used
per child. The size of the threshold to ascertain predominant strategies can therefore be debated.
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These conditions highlight the vocabulary network of a child as growing in INT, EXT
or LoA ways if the di erence between their e ects is larger than or equal to 1. The case of
negative e ects only exists for a limited number of EXT values in the semantic networks.

Therefore, we do not need to use the absolute value for INT and LoOA e ects.

3. Results

As we have changed the model syntax slightly compared to Chapter Il and Chapter Il by
adding the random e ect child , the results of the regression are presented here again. To
clearly distinguish the overall results that are averaged across all children from the novel
contribution of this Chapter, i.e., the e ect of INT, EXT and LoA on individual children,

we divide this results section into two subsections. The rst reports the overall results,

and the second the individualized outcomes.

3.1. Overall outcomes across all children

With regards to the xed e ects of the model based on the phonological networks (compare
Table 10), we nd that INT and EXT are both predictive of the learning of a word, with
INT having a four times larger estimate compared to EXT. The e ect size of INT and EXT
are moderated by multiple factors. First, the e ect of INT and EXT are stronger early in
development. Second, with regard to the mother's educational attainment, we nd that
mothers with a higher educational level in uence INT positively. In other words, children
of more highly educated mothers use INT more than their peers who have mothers with
a lower educational status. However, there is no di erence between mothers with “school’
as highest level and “college' as highest level. The mother's educational attainment has no
e ect on EXT. Third, the child's birth order in uences the e ect size of INT. The more
older siblings a child has, the larger the impact of INT gets. While the e ect tends to be
reversed for EXT, i.e., the e ect of EXT decreases for children with more older siblings,
we must note that the e ect is only marginally signi cant for children with one ( p = 0:06)
and two older siblings (p = 0:08), and not signi cant for children with at least three
older siblings (p = 0:32). In general, neither the birth order nor the mother's educational
attainment seem to have a direct impact on word production. We only nd a marginally
signi cant e ect of a high birth order which could indicate that children with many older

siblings are slightly less likely to produce a word (compare 4th/6th-born in Table 10).
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E ect Est SE

INT 2.981 0.159
EXT 0.720 0.083
Graduate! 0.200 0.175
Schoot 0.251 0.211
Age 8.301 0.167
4th/6th-born 3 -0.387 0.226
2nd-born? -0.285 0.184
3rd-born® -0.281 0.199
Length -1.589 0.028
Frequency 4.657 0.276
Sex (maley -0.520  0.173
INT:Graduate ! 0.428 0.207
INT:School* -0.159 0.231
INT:Age -5.337 0.060
INT:4th/6th-born 3 0.720 0.264
INT:2nd-born 3 0.572 0.229
INT:3rd-born 3 0.519 0.235
EXT:Graduate ! -0.142 0.097
EXT:Schoolt 0.130 0.122
EXT:Age -0.323 0.070
EXT:4th/6th-born 3 -0.184 0.187
EXT:2nd-born3 -0.190 0.103
EXT:3rd-born 3 -0.204 0.117

Note: p<0.1; p<0.05; p<0.01

Table 10: Regression Results from the phonology modelin comparison to the baseline
“College'. 2In comparison to the baseline “Female'.3In comparison to the base-
line "1st-born'. SE stands for standard error, Est for estimate.

Finally, word length, word frequency and age predict word production. More speci cally,
older children are more likely to produce a word, shorter and more frequent words are
produced with a higher probability, and boys are less likely to produce a word than girls
(compare Table 10).

The results of the model based on the semantic networks show that INT and LoA have
the strongest e ect on word production, but that EXT also in uences word production
positively (compare Table 11). All three e ects are moderated by age, so that INT and
LoA have a much larger e ect on the production of a word early in development compared
to later in development. Despite smaller, age also has a negative e ect on EXT so that
the e ect strength is larger for younger children. Comparable to the results from the
phonological networks, older children show a higher probability to produce a word, and

shorter and more frequent words are learned earlier.
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E ect Est SE

INT 6.305 0.161
EXT 0.591 0.055
LoA 5.078 0.207
Age 6.179 0.039
Length -0.928 0.024

Frequency 2.706 0.055
INT:Age  -4.739 0.218
EXT:Age -1.645 0.102
LoA:Age  -5.230 0.284

Note: p<0.1; p<0.05; p<0.01

Table 11: Regression Results from the semantics model. SE stands for standard error, Est
for estimate.

3.2. Individualized ndings: Child-level variability

With regard to the individual strategies, we nd variability between children. The growth
of phonological networks is driven by INT and EXT to di erent degrees, which is visualized
in Figure 22 where the deviation of the e ect strength from the xed e ect is displayed for
each child. Positive values indicate that the child's network grows more strongly following
INT or EXT, respectively, while negative values indicate the opposite. The negative
deviation from the xed e ect (dashed line) is so strong for some children that the overall
e ect (xed e ect + individual deviation) turns negative. INT and EXT, respectively,
have a negative impact for all children below the thin dashed lines.

Figure 23 shows that both INT and EXT have a positive in uence on word production
for most children (group 1, markers in quadrant I). For other children, INT has a positive
impact, but EXT plays a small negative role (group 2, quadrant 4); inversely, for a small
group of children, EXT has a positive impact on word production and INT a negative
(group 3, quadrant 2). There is no group 4, in which both INT and EXT have negative
e ects. Within all three groups of children we nd that the e ect sizes are pronounced to
di erent extends. In group 1, the network of most children grows predominantly following
INT (green markers), and a few predominantly following EXT (purple markers); some
children utilize INT and EXT to a similar extend (blue markers). Within group 2, where
INT has a positive e ect and EXT a slight negative e ect on word production, the INT-
mechanisms has a stronger e ect for all children. In group 3, where EXT in uences word

production positively and INT negatively, most networks grow in both INT and EXT

93



IV. Individual strategies in the development of early vocabulary networks

(@) INT

(b) EXT

Figure 22: Distribution of the random slopes INT and EXT per child in the phonology
model. The thicker dashed line represents the size of the xed e ect and the
thinner line divides children into those whose networks grow in an INT- or
EXT-way (above) and whose networks grow in an inverse INT- or EXT-way
(below).
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Figure 23: Impact of INT and EXT for each individual child (represented by a dot) in
phonological networks.

ways to a similar degree; some other networks grow in a predominantly EXT-manner and
for two INT has the strongest e ect. We also note that the networks of a few children
grow more strongly in INT or EXT than those of the others. For example, one child has
the highest EXT value of all children ( 3) and at the same time the lowest INT value
( 6). Another child has a much higher INT value than any other child ( 13:5) and
an EXT value that is almost zero. The regression line shows that larger e ects of INT
are correlated with smaller e ects of EXT to an extend where the e ect of EXT turns
negative. This is also the case for high e ects of EXT, where INT tends to have a negative
impact.

In the semantic networks, the random slopes of INT, EXT and LoA per child are also
di erent in size, but the random e ects of INT and EXT lie in a smaller interval compared
to the phonological networks; the deviations from the xed e ect are therefore smaller
(compare Figure 24). Even for negative e ect values, the deviations from the xed e ect
are small enough for INT and LoA so that their overall e ect (xed e ect + individual
deviation) still has a positive in uence on word production. This is also the case for EXT

in most children, but for eight children the deviation is so strong that the overall e ect
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of EXT on word production turns negative (markers below the thin blue line). We also
note that the random e ect values decrease the higher the child ID gets. As child ID is a
categorical variable, we cannot add a regression line to Figure 24 and thus note that this
is only a non-statistically proven observation. However, we also note that the average age
of the children increases with higher child ID (compare Figure 38).

With regard to the comparison of e ect sizes of INT, EXT and LoA per child, Figure
25 shows that the variability is high in regard to how strong the e ects of INT, EXT and
LoA are. In the rst group of children, where all e ects are positive, we nd that the
e ect size of INT and LoA are positively correlated. However, the e ect size of INT is for
approximately half of the children the dominant mechanism, for the other half none of the
e ect sizes is su ciently larger than the e ect sizes of the other mechanisms. Only six of
the children have LoA as their dominant mechanism. The variability of EXT's e ect sizes
is also high so that high INT and LoA e ect values occur with both low and high EXT
e ect values. The other group, in which INT and LoA have a positive e ect, but EXT a
negative one, consists of a total of eight children. Here, the INT and LoA e ect values are
in the medium range, except for one case where the LoA e ect is rather low. Overall, the
e ects of INT are dominant in half of all cases (h=4), in the other half of all cases there
is no dominant mechanism. Overall, the general trend visualized by the regression plane
is that high INT and LOA e ect values tend to be associated with high EXT e ect values,

and low values with low EXT e ect values. 16

18\We realize that 3D-plots are di cult to interpret as not everything is visible from a certain perspective.
We tried to present reasonable perspectives here, but refer to the interactive version of this plot which
can be found on OSF. To view, please download and open the le \3D _plot _regression.html".
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