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We extend previous work on the relation between word form and lexical semantics 

(Form-Semantic-Consistency, [1, 2]) in language processing by documenting a unique 
negative effect of FSC on English Age of Acquisition (AoA, [3]), with more systematic words 
being learned earlier. This effect holds after controlling for neighborhood density measured 
for word forms and lexical semantics [4], their interaction, and several other standard 
predictors of AoA including iconicity [5, 6], using linear regression and random forests.  

First, we established a baseline statistical model where AoA is predicted as a linear 
combination of standard covariates, including frequency (derived from SUBTLEX, [7]), 
concreteness [8], morphological complexity [9], valence [10], and Semantic Neighborhood 
Density (SND). Moreover, when targeting orthographic forms we included word length in 
letters and OLD20 [11] among the covariates. When we targeted phonological representa-
tions, however, we included word length in phonemes and Coltheart’s N [12], taken from the 
Massive Auditory Lexical Decision database [13]. The analysis focused on words for which all 
predictors were available: 8,566 words for the orthographic analysis and 6,855 for the 
phonological analysis. We then added an interaction term between form and semantic 
neighborhood density to the baseline model, which proved significant: words in denser form 
neighborhoods tend to have higher AoA when they are in sparser semantic neighborhoods. 

In order to ensure the relation between FSC and AoA is not a simple by-product of an 
interaction between neighborhood density in form and semantic space (each shown to 
predict AoA across a number of typologically different languages [4]), we determined whether 
a model including FSC measures explained more variance in AoA than the baseline model 
enriched with the interaction term. Results indicated that FSC captures something more than 
the interaction between neighborhood density in form and semantics. This pattern was robust 
to the form encoding (orthography or phonology) as well as to the specific implementation of 
FSC [1, 14], although phonology had a generally higher predictive power. See the appendix 
for further details about the computational modelling framework. 

Moreover, we ensure that the effect of FSC on AoA is not an epiphenomenon of other 
properties of the lexicon by running 1000 simulations on random pairings of word form and 
lexical meaning. We then measure the correlation between random FSC measures and AoA 
as well the difference in AIC between a model including all covariates and one also including 
random FSC measures. Across the board, we find that only true FSC measures explain 
unique variance in AoA, although simple pairwise correlations between AoA and random FSC 
measures are non-zero in certain configurations suggesting that systematicity is intertwined 
with other properties of the lexicon. A correlation matrix suggests that FSC is collinear with 
frequency, length, and measures of neighborhood density in form space. 

We also show that FSC’s effect is not reducible to iconicity [6]: when controlling for 
iconicity norms [15] in the linear regression, we still observe that FSC measures improve 
model fit, although their unique effect is reduced. We ran this analysis separately due to the 
limited coverage of the available iconicity norms, which resulted in 2,032 and 1,795 words for 
the orthographic and phonological analysis respectively. As a last sanity check, we re-ran all 
analyses using random forests to ensure that no documented effect was due to collinearity 
issues [16]: all patterns are confirmed, and we noticed that FSC measures tend to have 
rather high variable importance, suggesting they play a prominent role in predicting AoA. 

To sum up, these analyses confirm that systematicity relates to language acquisition 
[17] while also showing that only true systematicity captures more than a simple interaction 
between network structure in form and meaning and is robust to encoding and implementa-
tion choices. Finally, while FSC and iconicity tap into similar aspects of AoA, they remain 
distinct, and both explain a significant portion of variance in acquisition patterns.  



Computational Modeling Framework 
 

FSC reflects the degree to which words that formally resemble a target word also 
share its semantics, such that the local similarity structure of the target word is similar in the 
space defined by word form as well as by semantics. Operationally, in order to compute FSC 
for target word tÎV (V being the vocabulary), one starts by finding the most similar words 
v1,…,|V|ÎV in form space, then fetches their semantic representations and computes their 
similarity to the semantic representation of t.  

The first operationalization of FSC [1] defined neighbors in form space as words 
which started with the target, e.g. redemption is a neighbor of red but credibility is not. This 
criterion was then relaxed to consider all words which embed the target as neighbors. An 
alternative way of determining neighbors in form-space is through more general distance 
functions, such as edit distance [18]. This approach was used by Hendrix and Sun [14], who 
considered the 5 words with smallest edit distance to the target as neighbors in form space. 
We take the same approach, with a slight modification in case more words share the same 
distance as the 5th closest word. Whereas Hendrix and Sun sampled at random among 
words at the same distance, we make the selection flexible and pick all words at the same 
distance as the 5th closest word. Results were robust to changes in this hyper-parameter. 

Next to defining a way to find neighbors in form space, it is essential to decide on 
which semantic representation to adopt, and which metric to compute the similarity between 
target and form-based neighbors in semantic space. In this respect, we used word 
embeddings and cosine similarity [14], leveraging the space provided by Mandera and 
colleagues [19], who extracted 300-dimensional embeddings using the Continuous Bag of 
Word (CBoW) algorithm from word2vec [20] using a window of 6 words to the left and right of 
the target and a large corpus consisting of subtitles and internet pages in English. 

Formally, the first implementation of FSC [1], defined target-embedded (FSCte), is 
computed following equation (1), where t is the target word, nÎN is a neighbor from the set of 
neighbors in form space which embed the target word, f is the corpus frequency, cos(•,•) is 
the cosine similarity function, while t and ni are the embeddings of the target and neighbors. 
The semantic similarity between target and neighbor is thus weighted by the frequency of the 
neighbor, such that more frequent neighbors weigh more.  
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The second implementation of FSC [14], defined levenshtein-distance (FSCld), is 

computed following equation (2). Most symbols are shared with equation (1) and retain the 
meaning they had there. The new symbol, di, indicates the Levenshtein distance between the 
target t and neighbor ni. This time, however, the semantic similarity is weighted by the 
distance in form space, such that closer neighbors weigh more on the measure of 
coherence. The resulting score is finally normalized by the number of neighbors. 
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