Crossparametric dependencies and Social Network Analysis
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The dependency structure of syntactic parameters (Baker, 2001; Guardiano & Longobardi,
2017; Roberts, 2019) poses a challenge for phylogenetic inference, as standard methods (Green-
hill et al., 2017) are not designed to accommodate character interdependencies. Building on
computational work that represents crossparametric dependencies as network graphs (Kazakov
et al., 2018), this study proposes a pilot implementation of Social Network Analysis (SNA) to
model parameter systems as relational networks. While the use of SNA is not new in the study
of linguistic interactions (Li, Li, & Gao, 2025), its potential for modeling abstract systems
of language properties has remained largely unexplored. We pursue two goals: (i) assessing
crosslinguistic similarity through network comparison, and (ii) identifying central nodes within
parameter networks. Our results show that parameter systems can be characterized using canon-
ical SNA metrics, enabling the quantification of node-level centrality. Systematic node removal
yields measurable shifts in similarity scores across language pairs, indicating that parameters
contribute asymmetrically to convergence and divergence patterns. These findings suggest that
SNA methods may significantly enhance the historical study of syntactic variation by integrat-
ing dependency structures into parametric phylogenetic modeling.

1. Deep history and human grammars'

Phylogenetic analysis in linguistics has traditionally been grounded in the identifi-
cation of etymological relations by uncovering systematic regularities underlying
morphological structures and sound change (Trask, 1996). Relying predominantly
on this type of data, the methods developed by quantitative phylogenetics®> have
achieved unprecedented precision in dating splits and reconstructing migration,
contact, and diffusion patterns (Greenhill, 2023).
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Despite this progress, two major aspects remain insufficiently explored: the
lack of an uncontroversial method for reconstructing deep linguistic history, and
the nature of the historical signal encoded by syntactic structures.

The Parametric Comparison Method (PCM) addresses both issues, positing
that “theoretical syntax may provide unexpected evidence for phylogenetic issues
typical of the historical-comparative paradigm” (Longobardi & Guardiano, 2009,
1679). This intuition runs counter to centuries of skepticism about the ability of
structural patterns to retain historical information, based on the observation that
“structural features evolve more rapidly than basic vocabulary [which] is incom-
patible with hypotheses proposing [a] [...] deep signal in grammatical features”
(Greenhill et al., 2017). The PCM maintains that, analogously to etymological
methods, which identify abstract regularities beyond surface resemblance, the in-
vestigation of historical signals in syntax should focus on the abstract combina-
torial rules which shape human grammars rather than on surface configurations.
Some such rules, encoded in what is technically termed Universal Grammar, while
biologically specified and therefore accessible to every language learner, are dis-
tributed differently across individual grammars: different grammars may activate
different rules. Beginning with Chomsky (1981), these variable rules have been
termed parameters. Parameters are “points of minimal (binary) choice ultimately
responsible for a set of observable differences between two languages” (Crisma,
Guardiano, & Longobardi, 2020, 105), called manifestations.3 Given this de-
ductive architecture, languages that activate the same parameter may nonethe-
less exhibit divergent surface configurations; conversely, identical surface patterns
across different languages may result from the interaction of distinct parameters
(Guardiano & Longobardi, 2017). Hence, comparisons based on surface patterns
are likely to yield substantially different results from those grounded in the un-
derlying rules that generate them. The PCM has shown that language clustering
derived from the distribution of parameter values corresponds to established ge-
nealogical groupings,* while also revealing deeper relationships that lend them-
selves to formal testing (Ceolin et al., 2021).

2. Parameter systems as dependency networks

Parameter states are not independent to one another.> When one state of parame-
ter «v entails the irrelevance of parameter /3, the manifestations of 5 become pre-
dictable from that state of «; thus, 5 will not be set at all. This dependency

3In the PCM, the binary states of parameters are symbolized by [+] and [-]: [+] signals that the
parameter is active in the language, i.e. that the language displays at least one of its manifestations;
[-1 signals that the parameter is absent from the grammar, i.e. none of its manifestations is observed.

4L0ngobardi, Guardiano, Silvestri, Boattini, and Ceolin (2013), Guardiano et al. (2016), Ceolin,
Guardiano, Irimia, and Longobardi (2020), Guardiano, Longobardi, Cordoni, and Crisma (2021).

SBaker (2001), Fodor (2001), Longobardi (2003), Biberauer and Roberts (2013), Roberts (2019).



structure becomes fully apparent when analyzing a grammatical module of min-
imally realistic size (Longobardi, 2003), that allows maximizing control over the
whole system of dependencies. The PCM formalizes crossparametric dependen-
cies through a list of implicational conditions, expressed in Boolean form, either
as simple states of other parameters ([+] or [-]) or as conjunctions (written °,’),
disjunctions (‘or’), or negations (‘=’) thereof. To provide an example, the im-
plicational condition on parameter TND (long-distance D-checking demonstra-
tives) is formulated as [+CGR, (+TSA or +TAR)|, meaning that TND can be set if
(and only if): (a) parameter CGR (long-distance Specified Quantity) is set to [+],
and (b) one of the following two conditions holds: (i) TSA (structural adjectival
demonstratives) is set to [+]; (ii)) TAR (unstructured adjectival demonstratives) is
set to [+]. If, in a language, either condition (a) or condition (b) is not satisfied,
TND is neutralized. Neutralization due to a violated condition is encoded as [0].°

The pervasiveness of crossparametric dependencies leads to the neutralization
of many parameters within each language, resulting in a substantial reduction of
the taxonomic characters usable for comparison. Also, it challenges standard au-
tomatic models of phylogenetic inference, which are not designed to account for
this type of structures (Greenhill, Heggarty, & Gray, 2021). The solution adopted
by the PCM has been to employ measures of dissimilarity that ignore neutralized
characters or, in character-based analyses, to assign them the status of missing
values (Guardiano & Longobardi, 2026). However, both solutions entail loss or
distortion of information and are not adequate for measuring the impact of the
dependency structure on the diachronic evolution of parameter systems.

Our pilot study explores whether these issues can be addressed using Social
Network Analysis (SNA), which enables the mathematical modeling of relational
structures and the quantification of network-level properties such as similarity and
node centrality (Prell, 2012). We apply these measures to evaluate the contribution
of each parameter, modeled as a network node, to overall network organization,
by assessing how changes in its states alter the structure and account for variation
across networks (i.e. languages).

3. Methods

We use the parameter system described in Crisma, Fabbris, Longobardi, and
Guardiano (2025), with minimal adjustments.” The dependency structure of pa-
rameters is represented as a directed network graph, where parameters are treated
as nodes while dependencies define directed edges (Figure 1). Two nodes are con-
nected whenever one parameter entails or neutralises another, the edge capturing

SFor a more detailed description of the type and structure of implicational dependencies in a para-
metric database, see Guardiano and Longobardi (2017).

"The list of the 94 parameters of this dataset and their implicational conditions, as well as all the
scripts to reproduce the tests proposed in the present work can be accessed at https://github.
com/marcolonghin/PCM-networks.



the direction of the dependency. Centrality measures are then employed to quan-
tify the structural prominence of each parameter within the network. We estimate
two node-level centrality measures: closeness and betweenness centrality, which
measure node accessibility and brokerage, respectively (Prell, 2012). Closeness
centrality considers one node’s distance to other nodes in the network, while be-
tweenness centrality indicates how many times a node is positioned in the shortest
path between two otherwise disconnected nodes; these measures are usually corre-
lated, but they are used for assessing different phenomena. The network structure
depends on the capacity of each parameter state to activate the neighbor nodes,
assumed to be the main factor driving crosslinguistic differences. In this vein,
centrality measures can help in identifying those parameters that are more rele-
vant in activating others and/or working as brokers in developing network chains.

The structure in Figure 1 constitutes the underlying architecture of each lan-
guage. In the networks representing individual languages, each node is associated
to an attribute ([+], [-] or [0]). Such networks are then compared to one another
to assess their similarity by measuring the role of central nodes in fostering con-
vergence and divergence patterns.

4. Network comparison

We start from a set of six languages: Mandarin (Sinitic); Italian, French, Roma-
nian (Indo-European, Romance); Serbo-Croatian and Bulgarian (Indo-European,
Slavic). This selection allows us to check whether the degree of similarity be-
tween parameter networks is consistent with previous PCM results, and to test
the impact of each node via minimal comparisons between languages at different
levels of historical relatedness. We estimate pairwise network similarity using a
combination of node attribute distance and edge set distance: the former is de-
fined as the proportion of nodes whose attribute values differ, while the latter is
defined as the Jaccard distance between edge sets. Then, we compare the increase
(or decrease) in similarity by removing central nodes from the network.
Similarity levels range between 0.681 (Bulgarian vs. Mandarin) and 0.931
(French vs. Italian). All scores are statistically significant at « = 0.01. The low-
est scores coincide with pairs containing Mandarin, while the highest ones are
between languages belonging to one and the same subgroup. This is consistent
with the PCM conclusion that the grammars of genealogically related languages
are systematically more similar than those of languages belonging to different
families (Guardiano et al., 2021). Moreover, the fact that languages known not to
be closely related (e.g., Sinitic and Indo-European) yield values near to 0.5 rather
than approaching 0 matches the predictions of Guardiano and Longobardi’s (2005)
Anti-Babelic Principle, assessing that, given the constrained nature of paramet-
ric variation, genealogically unrelated languages should not display dissimilarity
values substantially exceeding those expected by chance. Finally, structural vari-
ability across networks aligns with the expectation that genealogically distant (or



unrelated) languages activate distinct parameter clusters.

In light of these results, we turn to an analysis that shifts the focus from ab-
solute correlation ranges to the effects of structural manipulation, namely the re-
moval of selected nodes, on pairwise correlations. Figures 2 and 3 show the results
of the simulation we use for assessing how languages increase or decrease in sim-
ilarity by removing central nodes. The main idea behind removing nodes is the
following: if similarity increases once a specific node is removed, we assume that
the above node is responsible for differentiating two languages; on the other hand,
if similarity decreases, it means that the above node is responsible for the conver-
gence between two languages. Our findings show distinct correlation trajectories
for closely related versus genealogically unrelated pairs.

The relevant generalizations can be summarized as follows.

(1) All pairs including Mandarin (with the sole exception of Mandarin—Serbo-
Croatian) display largely parallel trajectories, regardless of which parameter
is removed. This uniform behavior is consistent with the fact that Mandarin
has no close historical relationship with any other language in the sample.

(2) Pairs of languages belonging to the same subgroup exhibit parallel trajec-
tories, even when their overall similarity differs. In Figure 2, both Italian—
Romanian and French—Romanian increase in similarity when parameters
TSA, DOC, and FVP are removed, and decrease when parameters TLC,
ACM, and FFP are removed. The same effect is observed in Figure 3, to-
wards the end of the procedure, due to the lower ranking of the relevant
parameters in betweeness centrality measurement.

(3) Some marked proximity between Romanian and Bulgarian is observed;
however, this effect turns out to be only apparent, as the corresponding
curve follows the same trajectory as other Romance—Slavic pairs. In both
figures, the consequence of removing parameters NM2 and NUA is that all
Romance—Slavic pairs increase in similarity, while, when removing param-
eters NUC, DGR, NM 1, they all decrease.

5. Analytical outlook

These preliminary results suggest that assessing parameter centrality through min-
imal pairwise network comparisons may provide a predictive tool for estimat-
ing the degree of historical relatedness between languages in each pair. Com-
parisons across pairs further support the prediction that networks representing
languages sharing the same degree of historical relatedness exhibit comparable
node-centrality configurations. If confirmed by extending the dataset to more di-
verse and representative language samples spanning different degrees of historical
relatedness, these findings are likely to establish network-structure analysis as a
viable and theoretically grounded method for quantifying historical relatedness
and modeling parameter change.



Figure 1. Directed network graph illustrating the dependency structure of the PCM parameter system.
Independent parameters (3 of 94) have been removed.

Similarity decay under node removal (by node name)

Figure 2. Network similarity and node removal based on closeness centrality

Similarity decay under node removal (by node name)

Figure 3. Network similarity and node removal based on betweenness centrality
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