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We introduce SpreadPy as a Python library for simulating spreading activation in cognitive single-layer
and multiplex networks. Our tool enables systematic testing of structure—function relationships in cognition
by comparing simulated activation dynamics outcomes with established theories in knowledge modelling.
We demonstrate the library’s utility through three case studies: (1) Spreading activation on associative
knowledge networks distinguishes students with high versus low math anxiety, revealing anxiety-related
structural differences in conceptual organization; (2) Activation trajectories in a creativity task vary with task
difficulty, revealing how cognitive load modulates lexical access; (3) In individuals with aphasia, simulated
activation patterns on lexical networks correlate with empirical error types (semantic vs. phonological) during
picture-naming tasks, linking network structure to clinical impairments. SpreadPy’s flexible framework allows
researchers to model these processes using empirically derived or theoretical networks, providing mechanistic
insights into individual differences and cognitive impairments. The library is openly available, supporting
reproducible research in psychology, neuroscience, and education research.

1. Introduction

Spreading activation is a network-based model describing how ac-
tivation propagates through interconnected entries during information
search. The original model, introduced in cognitive science (Anderson,
1983; Collins & Loftus, 1975), considers the search process as the
spread of an activation signal propagating on a cognitive or information
network. In cognitive networks, nodes represent concepts and/or words
while links indicate semantic, phonological, syntactic and other types of
conceptual relationships (Siew, 2019). In information networks, nodes
could represent websites, posts or documents and they could be linked
according to their similarities (Crestani, 1997). In spreading activation,
the activation signal originates from one or multiple initial nodes and
spreads outward, diminishing with each step according to predefined
parameters such as decay or thresholds. The final pattern of activation
identifies structurally relevant nodes, related to the origin (Collins &
Loftus, 1975).

In cognitive science, spreading activation models human cognitive
processes (Anderson, 1983; Collins & Ellis, 1992; Collins & Quillian,
1969), including lexical access and memory retrieval. For instance,
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when individuals read or hear a word, activation may be spread-
ing along a networked cognitive repository of knowledge, a system
known as mental lexicon and investigated across psychology, linguistics
and artificial intelligence (Aitchison, 2012). Spreading activation can
explain phenomena such as semantic priming, where exposure to a
word (e.g., “doctor”) speeds up the recognition of a related word
(e.g., “nurse”) (Aitchison, 2012; McRae et al., 2005). Activation spread-
ing also accounts for lexical retrieval errors, such as tip-of-the-tongue
states, where partial activation of a target word leads to the retrieval
of semantically or phonologically similar words, thereby hindering
the full activation and retrieval of the target word (Burke et al,
1991). The modelling framework of activation spread has profoundly
influenced our understanding of semantic memory, lexical access, and
associative reasoning (Aitchison, 2012; McClelland & Rumelhart, 1981;
Vitevitch, 2008). However, previous implementations of spreading ac-
tivation have been limited to computational frameworks in single-layer
networks and via R only (Siew, 2019).

In computer science, spreading activation algorithms have been
mainly applied to model semantic search and information retrieval
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tasks. They operate by activating nodes representing search queries
and propagating this activation through networks of interconnected
documents, concepts, or data entities. Highly activated nodes corre-
spond to documents or entities semantically related to the original
query (Crestani, 1997). For example, Crestani (1997) demonstrated
how spreading activation enhances search efficiency by retrieving doc-
uments contextually similar to user queries based on their semantic
relationships. Similar works proposed a spreading activation-based nav-
igation and information-foraging method to support users in exploring
large document collections (Pirolli et al., 1996) or the World Wide
Web (Crestani & Lee, 2000; Rocha et al., 2004). Spreading activa-
tion was even featured in digital library systems to improve retrieval
accuracy and contextual relevance among library entries, notes and
digital books (Sevcech et al., 2014). Wherever multiple types of nodes
or links can exist, such as in the digital library example, spreading
activation can be extended beyond single-layer structures. Multiplex
networks, comprising multiple interconnected layers of information,
provide a powerful framework for modelling spreading activation in
these complex relationships (Stella et al., 2024).

To bridge cognitive insights with novel computational applications
across multiplex networks, we here present SpreadPy, a Python library
designed to implement spreading activation models on both single-layer
and multiplex network structures. SpreadPy facilitates the modelling
of complex cognitive processes and enhances algorithmic performance
in semantic search tasks. This makes it a unified framework that is
valuable for both cognitive science research and artificial intelligence
applications.

1.1. Spreading activation in knowledge modelling

Despite being introduced at the fringe of cognitive science and cog-
nitive psychology, spreading activation has been extensively adopted
and further developed in computer science. The works by Crestani
and colleagues (Crestani, 1997; Crestani & Lee, 2000) investigated
spreading activation techniques in relation to information retrieval.
Crestani (1997) introduced spreading activation as a computational
mechanism to enhance semantic relevance and retrieval precision in
document databases, highlighting its ability to naturally model as-
sociative thinking. Extending this concept, Crestani and Lee (2000)
developed a constrained spreading activation algorithm tailored for
web searching. They significantly improved query specificity by lim-
iting activation propagation through selective semantic paths, thereby
balancing retrieval comprehensiveness and efficiency.

Further developments expanded spreading activation techniques to
more structured semantic domains. Rocha et al. (2004) presented a
hybrid search approach integrating traditional keyword matching and
spreading activation within semantic web frameworks. Their method
improved retrieval performance by activating relevant semantic path-
ways derived from structured metadata, demonstrating the advantage
of combining symbolic reasoning with spreading activation for han-
dling complex information structures on the semantic web. Similarly,
Sevcech et al. (2014) leveraged spreading activation in combination
with user-generated annotations to enhance the contextual relevance
of document searches within digital libraries. Consequently, they rein-
forced the adaptability of spreading activation to leverage both formal
semantics and user-driven metadata.

In contrast to structured semantic approaches, Pirolli et al. (1996)
applied spreading activation within user-centric interfaces for navigat-
ing large text collections. Their “Scatter/Gather” browsing approach
used spreading activation to dynamically cluster (gather) and present
specific document groups (scatter) based on topical relevance, sup-
porting users’ natural cognitive strategies of incremental exploration
and information foraging. This approach differed fundamentally from
structured semantic methods by emphasizing user interactions and
cognitive relevance directly rather than explicit semantic structures.
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Collectively, the above studies illustrate the versatility and effi-
cacy of spreading activation, underscoring its applicability across di-
verse information retrieval contexts, ranging from structured semantic
databases to user-driven interactive environments. While our intro-
duced tool SpreadPy can account for a wide variety of knowledge
modelling approaches, we here focus on testing it within the field of
cognitive network science, a novel research area adopting network
science to investigate cognitive phenomena (Castro & Siew, 2020; Siew
et al., 2019; Stella, 2022).

1.2. Spreading activation in cognitive network science

The spreading activation theory implemented in SpreadPy is based
on the seminal work of Collins and Loftus (1975), whose spreading
activation theory of semantic processing is built directly on Quillian’s
earlier model of memory search (Quillian, 1967). Quillian’s theory
introduced the idea that concepts are represented as nodes in a network
and that activation spreads along associative links between them. Once
a concept is stimulated through reading, hearing or mental activation
(i.e. thinking about it), its activation spreads to related concepts along
these links. Activation weakens with distance and time, and a threshold
of cumulated activation must be reached for a concept to become
accessible.

In contrast to Quillian’s model (Quillian, 1967), Collins and Loftus’
spreading activation model (Collins & Loftus, 1975) was not just in-
tended as a theoretical explanation but as a computational framework
to simulate cognitive search processes (Collins & Loftus, 1975). It
shared key goals with early artificial intelligence since it aimed to
understand knowledge representation and memory search in humans
as well as simulate human-like behaviour in computers. The model
has a lasting influence on cognitive psychology, where it provided
explanations for semantic priming (Groot, 1983; McRae et al., 2005),
lexical decision-making (Balota & Lorch, 1986), and memory retrieval
phenomena (Saunders & MacLeod, 2006), among others. It offered a
more flexible alternative to previous models of memory and inspired
empirical research into associative strength, inhibition mechanisms,
reaction times, and the structure of semantic networks (Saunders &
MacLeod, 2006; Siew, 2019).

One key advance in this area was the recent work by Siew (2019),
which introduced the R package spreadr to transform theoretical con-
siderations into computational, psychological simulations. Siew’s work
was the first implementation of spreading activation into an R en-
vironment, able to explain and reproduce psychological results from
real-world data (Siew, 2019). While Siew’s spreadr package constitutes
a significant advancement in network research, this tool operated only
on single-layer networks, leaving a gap in the field for multiplex
representations. Such advanced network models are relevant since
cognitive processes, especially those involved in language and memory,
have been shown to be influenced by multiple types of associations
interacting with each other, such as semantic and phonological (Castro
& Siew, 2020). For instance, during the lexical decision task, which
heavily relies on semantic information, studies have found phonological
priming effects that aid in lexical retrieval (Collins & Ellis, 1992;
Coltheart et al., 1979).

To capture this complexity, and fully concretize Collins and Loftus’
original idea of featuring more networks linked together (Collins &
Loftus, 1975), we use cognitive multiplex networks (Stella et al., 2017,
2018, 2024). These network models can incorporate multiple aspects
of the mental lexicon (e.g., semantic associations and phonological
similarities) at the same time. Despite their theoretical promise, compu-
tational tools for simulating spreading activation within network-based
cognitive models remain underdeveloped. SpreadPy extends this ap-
proach to capture the multiplex nature of cognitive systems in which
concepts are linked through diverse relations (e.g., semantic, phono-
logical, or contextual). Fig. 1A depicts this multiplex structure. Each
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Fig. 1. Infographics for the functioning of SpreadPy over a cognitive network. (A) A cognitive network can be a multiplex network with a semantic and
a phonological layer, where nodes are replicated (replica nodes) across layers. In a given layer, replica nodes are connected by intra-layer connections,
e.g. phonological similarities or free associations (“good”-“fine” on semantic layer). Replicas of the same node/concept are connected by inter-layer connections
(“good” on semantic layer -“good” on phonological layer). (B) As input, SpreadPy uses individual layers or multiplex networks to perform two types of activation

spreading: (i) single-layer or (ii) multiplex.

node represents a word, existing as replicas simultaneously in both se-
mantic and phonological layers, connected by inter-layer links. Within
each layer, nodes are connected based on layer-specific similarities:
meaning-related associations in the semantic layer, and phonological
similarities in the phonological layer (see Fig. 1A). This multiplex
design allows activation to spread not only within a single type of re-
lationship (within only one layer), but also across different association
types (across multiple layers), reflecting the interactive, complex nature
of cognitive processes (Castro & Siew, 2020). Importantly, access to
simulations based on cognitive multiplex networks also provides access
to exploring the phenomenon of superdiffusion (Gomez et al., 2013)
within cognitive science. Superdiffusion can be explained in two ways,
one appealing to network scientists and another more appealing to psy-
chologists and cognitive scientists. From a network science perspective,
superdiffusion occurs when activation spreads faster across a multiplex
network than it would on even the fastest individual layer alone. In
this way, superdiffusion is a phenomenon accelerating the spread of
activation even beyond the fastest limit posed by the network layer
fastest at spreading the signal (Gomez et al., 2013). In cognitive science
terms, superdiffusion in multiplex networks can be likened to how
the mental lexicon draws on multiple, interconnected representational
layers, e.g. phonological, and semantic (Baker et al., 2023), when
retrieving a word. If each layer were accessed independently, retrieval
speed would be constrained by the “slowest” pathway (e.g., phono-
logical bottlenecks in tip-of-the-tongue states, Castro & Siew, 2020;
Vitevitch & Aljasser, 2021). But because these layers can be coupled
in the mental lexicon, activation can spread in parallel and converge,
leading to faster-than-expected retrieval, much like multiplex superdif-
fusion accelerates diffusion relative to the slowest single network. This
resonates with interplay models of lexical access where word retrieval
arises from interactive activation across semantic and phonological
levels (Dell, 1986; Dell & O’Seaghdha, 1991) and with models like
the spreading-activation framework (Collins & Loftus, 1975), which
show that coupling between layers enables more efficient navigation
of the lexicon than isolated access would allow. Think of it like having
multiple ways to recognize a word: through its meaning, its sound,
or its visual form; sometimes using these recognition systems together
allows an individual to access a word faster than using just the fastest
single pathway alone.

1.3. Spreading activation with spreadpy

Our SpreadPy approach can model both single layer activation (Fig.
1 B1) and multiplex activation (Fig. 1 B2). In single-layer activation
(Fig. 1 B1), a node spreads the activation it has received only within one
layer. For example, receiving a payment notification on the smartphone
may activate the concept “pay” on the semantic layer. The activated
node “pay” retains a fraction of its original activation (e.g. 50 percent
of activation are retained) and spreads the remaining activation within
the semantic layer to the neighbouring concept “fine”. At timestep
t = 1, both nodes now hold 50 percent of the initial activation. From
there, activation will continue to spread within the semantic layer to
adjacent nodes. In contrast, with a multiplex model (Fig. 1 B2), we can
model all replicas of a node on different layers to receive activation at
the same time. For instance, while receiving a payment notification on
the phone, one may read the word “pay” in the pop-up, activating the
replica nodes of “pay” both on the semantic and phonological layers
simultaneously. From both replicas of “pay”, activation starts spreading
along intra-layer links to the adjacent nodes “fine” on the semantic
layer and “say” on the phonological layer. Additionally, activation can
now also spread across layers, such that “fine” on the semantic layer
also activates its replica on the phonological layer along an inter-layer
link.

In our simulations, activation is seeded at cue words and spreads
through the network over discrete time steps. We measure two key
metrics: the maximum activation level a node accumulates and the time
it takes to reach this peak. Fig. 2A shows an example of how we trace
the activation level of the target word “hope” over time, peaking at
time 7,, with its maximum activation «,,.

Fig. 2B further illustrates diffusive processes and the differences
between normal and superdiffusion regimes in our simulations. In
complex networks, diffusive processes are relative to the spread of
information, signals, social norms, diseases and other attributes across
nodes in a network (Haim & Haim, 2023; Newman, 2018). When activa-
tion spreads along linked nodes, network topology drives the diffusion
dynamics, i.e. how quickly a signal spreads across nodes in the network.
Thus, diffusion dynamics can be modelled in terms of adjacency/links
between nodes, encapsulated within a binary adjacency matrix A4, and
in terms of network degree of individual nodes, encapsulated within a
diagonal matrix D with degrees on its main diagonal (Haim & Haim,
2023; Newman, 2018). Node degrees can indicate how much signal in
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Fig. 2. (A) Example of activation for “hope”. At the node level, activation arrives as a function of time, peaking at time #,, (maximum activation time) and
reaching at most activation level of a,,. (B) A multiplex structure can accelerate diffusion — activation on the multiplex network spreads faster than on its slowest
layer. It can also cause a superdiffusion process — activation on the multiplex network spreads faster than on its fastest layer.

total can accumulate over nodes, while individual links can indicate
potential incoming or escaping routes for diffusive signals. One can
encapsulate both these elements in a matrix called Laplacian, L =
D — A, which can be normalized in several ways. The eigenspectrum
of the Laplacian L contains insights about the diffusion dynamics.
In particular, the second smallest eigenvalue 4, encodes information
about the characteristic diffusion time 7, i.e. the time it takes for diffu-
sion to spread along a specific region of a complex network. Through
series expansion, one can check that in simple diffusion processes on
complex networks, 4, « 1/z, i.e. the larger the A, eigenvalue of the
Laplacian, the shorter the time required for the diffusive signal to
reach a whole region of the network. In other words, higher 1, means
faster diffusion (Haim & Haim, 2023; Koponen, 2021). In multiplex
networks, one can build a supra-Laplacian matrix, see also Fig. 2B, and
compare the eigenvalue 1 of the whole multiplex network against the

2
eigenvalues Ag) and /1(22> of the individual layers.

1.4. Superdiffusion and its relevance for knowledge modelling

Multiplex diffusion occurs when the diffusion on the whole mul-
tiplex network can efficiently exploit inter-layer jumps to spread at a
rate faster than on the slowest layer. Inter-layer jumps can occur with a
parameter D,, whose magnitude regulates the rate of diffusion among
replicas of the same physical node compared to the rates, p, and p,,
of diffusion between different replica nodes in the same layer, either
layer 1 or layer 2. In other words, multiplex diffusion occurs when /13”
is greater than the smallest respective eigenvalue for the Laplacians of
the individual layers. In multiplex diffusion, multiplexity is beneficial
because it provides shortcuts facilitating the spread of signals even
among nodes being remote in individual layers. The combination of
two layers together thus speeds up diffusion compared to what would
happen in the slowest layer (Gomez et al.,, 2013; Koponen, 2021).
However, in this regime, diffusion over the whole multiplex remains
slower than in the fastest layer. In formulas, A (highlighted in red
in Fig. 2B) would be higher than the min(,l(21>, /12(% ) but lower than the
max(2{", A7).

Superdiffusion occurs when the two layers are so strongly entwined
that diffusion on the multiplex network is faster even than diffusion
in the faster layer, if considered in isolation. In formulas, /1(25) would be
higher than max(l(zl), A(zb) but still lower than the upper bound given by
the superposition of Laplacians (see Fig. 2B). This superposition posits
an upper theoretical bound to the speed of diffusion, which is the fastest
when all edges in the multiplex networks are fully available at the same
time, i.e. when the coupling of layer D, — +oco0 (Koponen, 2021).

The phenomenon of superdiffusion offers a novel lens for under-
standing cognitive processes. In cognitive systems, representations are
often distributed across multiple modalities (e.g. semantic, phonologi-
cal, and contextual layers), each contributing uniquely to information

processing. Superdiffusion arises when interactions between these lay-
ers create synergistic effects, enabling rapid and coordinated activation
across the network. This contrasts with traditional single-layer models,
where activation is confined to a single modality, potentially underesti-
mating the speed and flexibility of cognitive operations (Haim & Haim,
2023; Koponen, 2021).

When modelling mental search, superdiffusion acts in terms of
mixing the topological information (e.g., cycles, shortest paths, neigh-
bourhoods) of the considered network layers. Superdiffusion would
thus be relative to a highly interactive set of cognitive processes taking
place on all considered network layers, e.g., phonological associations
and semantic associations both contributing to producing mixed errors
during picture naming by people affected by aphasia (Dell et al.,
1997). By modelling single-layer diffusion, multiplex and superdiffu-
sion, SpreadPy enables researchers to quantify the impact of both
network structure and spreading dynamics over a wide variety of
phenomena. We further explore and test this in our case studies.

1.5. Manuscript aims and outline

This work introduces SpreadPy, a Python library that simulates
spreading activation in single-layer and multiplex cognitive networks,
offering researchers a flexible platform to test hypotheses about
structure-function relationships in the mental lexicon. By integrating
principles from cognitive psychology and network science, SpreadPy
enables the exploration of how cognitive processes are modulated by
network topology, such as clustering, centrality, and layer coupling.
We choose the Python implementation to position ourselves among
the broad landscape of novel network modelling toolkits in cognitive
science, such as SNAFU (Zemla et al., 2020) and forager (Kumar
et al., 2024), which support memory search and semantic network
construction from fluency tasks, and EmoAtlas (Semeraro et al., 2025),
for constructing emotional forma mentis networks.

We test and demonstrate the utility of SpreadPy through three case
studies: (1) examining the impact of math anxiety on associative knowl-
edge networks, (2) simulating activation dynamics to differentiate item
difficulty in a creativity task, and (3) modelling lexical retrieval errors
in aphasia. Particularly, we demonstrate that SpreadPy on multiplex
networks is essential for creativity and aphasia case studies. In cre-
ativity tasks, phonological cues can hop into the semantic layer under
superdiffusion, improving item difficulty discrimination. In aphasia,
formal errors’ activations showed weak correlations with empirical
error frequencies on phonological layers alone but stronger correla-
tions in the multiplex network, revealing that phonological mistakes
actually emerge from semantic—phonological interference rather than
purely phonological processes. Both phenomena are invisible to single-
layer models. These applications highlight how SpreadPy can uncover
mechanistic insights into cognitive phenomena and clinical conditions,
advancing both theoretical and applied research in cognitive data
science.
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Summary of network data used in the three case studies, based on behavioural forma mentis networks (FMN) reconstructed
from human and GPT participants (Math Anxiety), and on the Largest Viable Cluster (LVC) of a semantic-phonological multiplex

representation of the mental lexicon (Creativity and Aphasia).

Case Study Network Type

Dataset Description

Semantic (FMN)
Multiplex (LVC)
Multiplex (LVC)

Math Anxiety — ITA
Creativity — ENG
Aphasia — ENG

{math., stat.} — network
V| =4118, |E| = 26229
V| =4118, |E| = 26229

N=72 + Ngp=300
SWoW + IPA
SWoW + TPA

2. Materials and methods

This Section outlines the implementation of diffusion and superdif-
fusion regimes in SpreadPy, and the common network data used for
simulations in this manuscript across the three case studies.

Single-layer Diffusion. The base model operates on a simple, undi-
rected graph, G = (V, E), where V is the set of nodes, and E C V XV
denotes the set of edges as unordered pairs of nodes. Each node holds
an amount of activation energy that can be transferred to its neighbours
over time. At each time step ¢, an active node u € V with non-
zero energy e,, retains a fraction R of its energy and distributes the
remaining portion uniformly among its neighbours. The energy transfer
from node u to a neighbour v € I, being I, the set of u’s neighbours,
is given by the following equation:

e (1= R

, ey
17|

o, v) =
where |I;, | is the number of «’s neighbours, and R is the retention factor
controlling the energy kept within u.

Multiplex Diffusion. The network is extended to a multiplex graph,
M = (V,E, L), where L is the set of layers. Each node u € V can exist
as a replica u!“] in one or more layers, indexed by # € L. Edges can be
within the same layer (intra-) or between replica nodes across layers
(inter-). A coupling parameter D, > 0 balances intra- and inter-layer
diffusion, with probabilities p = 1+1D and p, = lf;)x’ respectively.

Intra-layer spreading mirrors the single-layer case, scaled by p. The
energy transfer from node (! to a neighbour v*! € I'“!, being I’ulf] the
set of u’s neighbours on layer /, is given by the equation:

ee1, (1= R)
¢
|

o, o) = Py @
where |l"u[f]| is the number of u’s neighbours on layer /.

Inter-layer spreading allows a node to transfer activation energy to
its replica in another layer, after which the energy continues to spread
among the neighbours in the new layer. This process can be described
by dividing it into two parts: replica energy transfer and neighbours
inter-layer spreading. Energy transfer from node u“] to its replica ul?],
with I’ # [, is modelled as follows:

!
e Yy = e, - (1=R) - p,. 3

Neighbours inter-layer spreading describes activation passing from
a node on one layer to its replica on another layer, and then continues
spreading to that replica’s neighbour within the second layer. Such
neighbours inter-layer spreading occurs in I/, where the replica energy
is transferred among u’s neighbours in I M[f’] as follows:

121 yl£']
! U (u U )
[ ey = £ 4

Pu N
u

where |1~u[f’1| is the number of neighbours of u on layer /’.

This formulation ensures that the total transferred energy (after
retention) is divided between intra- and inter-layer interactions accord-
ing to the parameter D,, represented as a probability, which governs
the strength of coupling across layers. The parameter D, acts as a
superdiffusion parameter: higher values enhance cross-layer coupling
and accelerate diffusion. As shown in Gomez et al. (2013), by analysing

the second smallest eigenvalue 4, of the supra-Laplacian matrix, one
can assess whether the coupling strength D, facilitates faster diffu-
sion across the multiplex network compared to individual layers. This
enables analytical tuning of D, to describe superdiffusive dynamics.

Network Representations. The data used to represent the mental
lexicon as a cognitive multiplex network are shared between Case Study
2 and Case Study 3. Instead, in Case Study 1, we use a single-layer,
semantic network, following the approach described in Ciringione et al.
(2024). A summary of network data is highlighted in Table 1.
Network Data for Case Study 1. We use behavioural forma mentis net-
works (Stella et al., 2019) to reconstruct the network of memory recalls
produced by students with high and low math anxiety, as captured
by a psychometric approach (Math Anxiety Scale) (Ciringione et al.,
2024). Behavioural forma mentis networks are obtained from valence
norms and free association data collected from 72 Italian undergrad-
uate psychology students and from 300 GPT-simulated students. For
these simulations, OpenAl’'s GPT 3.5 was used, as in the past work
by Ciringione and colleagues (Ciringione et al., 2024). To build the
free associations in forma mentis networks, the authors (Ciringione
et al., 2024) designed a task consisting of two parts: a free association
game, and a valence evaluation. The task is roughly structured as the
following instruction: Write a list of 3 words that come to your mind when
you think of CUE_W ORD and assign a valence score to each word as
either “positive”, “negative”, or “neutral”. Cue words are STEM-related,
e.g., they include concepts such as mathematics. A network G is then
constructed using the word lists provided by each participant, connect-
ing with an edge the cue word to each of the provided responses. A
statistical analysis of word valence is performed to assign a unique label
to each word — either “positive”, “negative”, or “neutral” (Ciringione
et al., 2024; Stella et al., 2019). These labels are represented as colours
in the mindset stream plots, cf. Brian and Stella (2023) and Fig. 4.
Network Data for Case Studies 2 and 3. We represent the mental lexicon
as a multiplex network M (Stella et al.,, 2024), where concepts are
nodes connected via two layers, one for representing semantic associa-
tions and one for phonological similarities. The semantic layer is prox-
ied by free associations - i.e., memory recall patterns of pairs of words
— based on over 1 million responses from the Small World of Words
(SWoW) dataset (Deyne et al., 2019), specifically, the SWOW-EN18
release.? The phonological layer connects words based on phonological
similarities, which are encoded here, as in past works (Stella et al.,
2017, 2018; Vitevitch, 2008), by connecting any two words whose IPA
(International Phonetic Alphabet) transcriptions differ by the addition,
substitution or deletion of one phoneme only. By considering them in
word forms (rather than IPA transcriptions), one can have the same
set of nodes replicated across layers (see Fig. 1A). This alignment
makes it possible to consider a multiplex network representation of the
mental lexicon that was already investigated in past approaches (Stella,
2020). Other approaches might rather represent word forms on a
semantic layer and phonological IPA transcriptions on another layer,
however this would lead to multilayer networks different from the one
considered here. For the difference between multilayer and multiplex
networks we refer the interested reader to Stella et al. (2024). To
constrain simulations along nodes being connected on both the phono-
logical and the semantic layers, we considered only the Largest Viable

2 https://smallworldofwords.org/it/project/research
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Cluster (LVC) of this multiplex representation, including |V| = 4118
nodes and |E| = 26229 edges. The LVC is the subgraph composed of
all nodes for which exists a path in the multiplex network that does
not exist in the layers separately, following (Stella, 2020; Stella et al.,
2018). Algorithmically, the LVC can be computed through a recursive
procedure that first identifies the largest connected component within
each layer, then finds their intersection to obtain common nodes. The
algorithm constructs a subgraph from these common nodes, extracts its
largest connected component, and iteratively refines this process until
the set of common nodes converges, ensuring the final LVC represents
the maximal subset of nodes that are simultaneously connected across
all specified layers. On this 2-layer representation we explore the inter-
layer diffusion parameter D,, which regulates superdiffusion, and it is
shown in Fig. 2B.

3. Results

We test SpreadPy in 3 case studies, modelling (1) math anxiety
patterns in human- and LLM-based behavioural data; (2) item-level dif-
ficulty in a creativity task; and (3) picture naming data from individuals
with aphasia in psycholinguistic experiments. We treat each case study
as independent from the others, with its own aims and scope, results
and discussions.

3.1. Case study 1: SpreadPy and psychometric data from math anxiety

Main goal. This section investigates activation patterns related to
the concepts of “mathematics” and “statistics”, and their connections
with psychological variables such as anxiety, stress, and depression.
Our model was used to simulate lexical activation across single-layer
networks derived from different participant groups. This allowed us
to identify and study group-based differences in the organization of
concepts in these networks. Specifically, we compared students with
high math anxiety (HMA) and low math anxiety (LMA) to examine
how varying levels of math anxiety influence both the structure and
the activation dynamics of conceptual networks. Particular attention
was paid to how mathematical and statistical concepts connect with
affective states such as anxiety, stress, and depression.

Cognitive networks and math anxiety. Math anxiety is a multi-
faceted phenomenon that impairs cognitive functioning and emotional
well-being, often manifesting as worry, tension, and avoidance in re-
sponse to math-related situations (Ashcraft, 2002; Hembree, 1990).
Cognitive network science offers powerful tools to investigate how such
anxiety is structured and sustained within the mental lexicon (Stella,
2022). Networks built from free association and valence attribution
tasks can model this associative knowledge and capture how individu-
als mentally represent concepts related to science or mathematics and
their affective tone (Stella, 2022; Stella et al., 2019). In individuals
with high math anxiety, such networks tend to show more fragmented
associative structures and stronger links between math-related concepts
negative emotions such as stress or fear (Stella, 2022). These associative
patterns not only reflect memory recall but may also reinforce cognitive
biases like avoidance behaviour, which contributes to the persistence of
anxiety (Gangemi et al., 2012; Hayes et al., 1996). By modelling these
associations as networks, researchers can analyse how affective content
shapes knowledge structure and how anxiety constrains the cognitive
complexity around the field of mathematics (Stella, 2022).

Data and modelling setup. We simulated how the activation of
the trigger node “mathematics” propagates through cognitive networks
of interconnected concepts, affecting nodes associated with emotional
states, such as stress, anxiety, and depression. To examine whether
math anxiety alters associative pathways in cognitive networks, we
simulated spreading activation from the node “mathematics” across
group-based single-layer semantic networks. These networks were built
from Italian free association data (see Section 2) collected from 72 Ital-
ian undergraduate psychology students, who were classified as having
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high (HMA) or low math anxiety (LMA) based on the Mathematics
Anxiety Scale. Participants responded to 40 cue words related to STEM,
mental health, academic evaluation, and personal attitudes. Additional
networks were generated by GPT-3.5 simulating students with high
(GPT-HMA) or low math anxiety (GPT-LMA). This choice is justified
by past works (Abramski et al., 2023) showing that GPT can capture
the associative structures underlying math anxiety. Here, we want to
observe that these models can be used as computational proxies to
compare with human data and test whether affective-cognitive pat-
terns generalize beyond experiential samples. For each of these four
datasets (human HMA, human LMA, GPT-HMA, GPT-LMA) a separate
single-layer network was built.

SpreadPy was used to simulate spreading activation in these single-
layer networks across different retention rates (R = 0.2,0.4,0.6,0.8)
to analyse possible differences in the propagation patterns; decay and
suppress parameters were set to 0. We then observed the spreading
of activation through each network independently from one another
and up to 400 time steps. We tracked the maximum activation level
a,, and the time step of maximum activation ¢,, representing the
peak in activation following each triggered node. Furthermore, metrics
such as node degree and shortest path lengths were collected as key
elements of the structural configuration of the network. The networks
were then visualized through mindset streams, as described by Brian
and Stella (2023), which allow to highlight connections between two
words in conceptual maps. These subgraphs are created from all the
shortest paths between the concepts and allow associating linked nodes
in a network to study their affective patterns. The valence of the
connections within the stream is determined by the colour of the links:
blue for positive valence, red for negative valence, and grey for neutral
concepts (Brian & Stella, 2023).

Stronger and earlier activation of ‘“anxiety” in high-math-
anxiety students. Fig. 3 illustrates the different activation levels for
the nodes “anxiety” and ‘“stress” across networks at various retention
rates (0.2, 0.4, 0.6 and 0.8). When activation is injected into the node
“mathematics” and allowed to diffuse, the HMA network drives the
target word “anxiety” to its peak within the first ten time steps. The
amplitude is ~ 15—25% higher than in the low-math-anxiety (LMA) net-
work across all four retention regimes (R = 0.2 — 0.8). The LMA curve
rises more slowly and plateaus at a markedly lower level, indicating a
weaker semantic-affective coupling between mathematics and anxiety
in non-anxious students. The network itself displays an anxiety bias in
HMA learners through the prevalence of negative associations given
to “mathematics”. Lower retention (R = 0.2) produces the steepest
overshoot — activation in the high-math anxiety network peaks above
35 units (see Fig. 3). As retention increases to R = 0.8, the curves
flatten and converge on a common asymptote, yet the vertical gap
between HMA and LMA remains around 5-6 units. This robustness
implies that the difference is not a fragile artifact but a structural
property of the students’ associative knowledge structure. Replacing the
probe with “stress” (Fig. 3 bottom four panels) yields peak amplitudes
two orders of magnitude smaller and a much slower approach to
equilibrium. Crucially, the HMA-LMA separation persists but contracts
to a few tenths of an energy unit. The lexicon therefore encodes
“mathematics” as explicitly anxiogenic rather than generically negative:
only the “anxiety” concept is strongly and quickly co-activated, while
“stress” shows weak, delayed coupling.

GPT-simulated students replicate the human activation hierar-
chy but with dampened intensity. The GPT-simulated forma mentis
networks successfully reproduce the overall rank ordering observed
in human data: when activation spreads from the cue word “mathe-
matics”, the target concepts “anxiety” and “stress”, respectively, reach
their highest activation levels in the high math anxiety (HMA) group,
followed by the low math anxiety (LMA) group (HMA > LM A).
This same pattern holds for GPT-simulated participants: GPT-HMA
consistently shows higher activation than GPT-LMA. However, the
overall intensity of activation is markedly reduced in GPT-generated
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Fig. 3. Overall activation in HMA and LMA students and GPT-HMA and GPT-LMA students for the words “anxiety” (top 4 panels) and “stress” (bottom 4 panels)

after the initial activation of the cue “mathematics” at different retention rates.

networks compared to human ones, and the diffusion unfolds more
slowly over time. As shown in Fig. 3, the GPT curves sit below the
human counterparts and exhibit delayed and flatter growth, taking
longer to reach peak activation. In some conditions, the difference
between GPT-HMA and GPT-LMA becomes almost negligible (see Fig.
3, bottom panels). This reduced contrast indicates that the models
capture the directionality of affective links but underestimate their

strength, suggesting that purely text-based learning misses experiential
reinforcement present in real students.

Mindset streams reveal different pathways from “mathemat-
ics” to “anxiety/stress/depression” in HMA and LMA networks.
Mindset streams are a collection of all shortest paths that join two
concepts inside a forma mentis network (Brian & Stella, 2023). They
provide a graphical thought-traces, exposing both the semantic bridges
and the emotional tone (valence) that link those ideas, revealing how
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(a) Path between “maths” and “anxiety” in HMA.

(c) Path between “maths” and “stress” in HMA.
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(b) Path between “maths” and “anxiety” in LMA.
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lavoro

(d) Path between “maths” and “stress” in LMA.

matematica psicopatologia

(f) Path between “maths” and “depression” in LMA.

Fig. 4. Mindset streams between “mathematics” (matematica) and “anxiety” (ansia), “stress”, and “depression” (depressione) in HMA and LMA networks. The
concepts are represented by Italian words because the networks were built from Italian data (see main text).

directly concepts are associated and which intermediary ideas bridge
them (Brian & Stella, 2023).

Fig. 4(a) shows a short mindset stream linking “mathematics” and
“anxiety” through a single direct connection, indicating a strong and
immediate association between the two concepts. In contrast, Fig. 4(e)
illustrates a longer stream - three links connecting “mathematics” to
“depression” — suggesting a more distant relationship that relies on
intermediate concepts.

An interesting pattern emerges in GPT-LMA and GPT-HMA net-
works, where mindset streams between “mathematics” and “anxiety”
are longer and involve more intricate intermediary links in the high-
anxiety (GPT-HMA) condition. This complexity makes it difficult to pre-
dict spreading activation from mindset streams alone. The phenomenon
likely reflects GPT’s lexical-semantic knowledge, which privilege se-
mantic associations over contextual ones. Mindsets streams for GPT
networks are provided in Supplementary Material.

Applied to the human networks of highly anxious and lowly anxious
students, the streams show that “mathematics — anxiety” is a one-
step direct connection in both groups. This indicates that the subject
of mathematics alone already evokes apprehension in students. In
contrast, the paths from “mathematics” to “stress” diverge: In HMA
students the path runs through “test/attempt — anxiety”, pinpointing
test anxiety as the main channel. In LMA students it detours via “job
— exam — teacher”, mixing neutral and positive cues and signalling a
milder valence. Paths to “depression” are longest: in HMA they wind
through academically flavoured but largely neutral terms (“science —
study/interesting/fear/study — psychopathology”), and in LMA they
are even more indirect, making depression cognitively distant from
mathematics. Together, these condensed insights indicate a tight, direct
coupling between mathematics and anxiety, whereas links to “stress”

and “depression” are weaker and context-dependent, with test-related
notions amplifying distress in the high-anxiety group.

Discussion of results. The simulations reveal a strong and im-
mediate semantic link between “mathematics” and “anxiety” in the
networks of high-math-anxiety (HMA) students. This suggests that in-
terventions should go beyond general reduction of stress-related vocab-
ulary and instead focus on weakening this direct associative pathway.
For example, this could be achieved by embedding more positive or
neutral concepts between “mathematics” and “anxiety” in the students’
mental lexicon. The spreading activation model not only captures these
affective trajectories in detail, but also offers a measurable framework
to evaluate whether psychological or pedagogical interventions, such
as mindset training or curricular changes, have effectively altered the
structure and emotional tone of students’ conceptual networks related
to “mathematics” and “anxiety”.

Summary and implications. The math anxiety simulations showed
that high-anxiety networks feature direct links between “mathematics”
and “anxiety”, whereas lower-anxiety networks spread activation more
diffusely. This suggests that network structure shapes how negative
affect is sustained. Finally, it opens possibilities for testing interventions
with our SpreadPy package, such as embedding neutral or positive
associations, to weaken maladaptive pathways.

3.2. Case study 2: Modelling creativity data with SpreadPy

Main goal. This case study assesses whether the SpreadPy library
can predict item-level difficulty in a classic creativity task, the Re-
mote Associates Test (RAT) (Mednick, 1962), by simulating activation
dynamics on a multiplex network. We investigated whether differ-
ent patterns of activation spreading across semantic and phonological
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layers could explain why some RAT items are easier to solve than oth-
ers. Specifically, we asked whether the two activation-based outcomes
maximum activation («,,) and time of maximum activation (z,) could
help differentiate between easy, medium and hard difficult RAT items.
We further tested how this relationship is modulated by key parame-
ters of the SpreadPy model, including retention rate, diffusion regime
(standard vs. superdiffusion) and initial activation layer (semantic,
phonological or both).

Creativity and multiplex networks. Creativity research has in-
creasingly adopted tools from network science to model how people
generate novel ideas by connecting remote concepts (Beaty et al.,
2023; Kenett & Faust, 2019). The Remote Associates Test (RAT) was
developed by Mednick (1962) and is widely used to assess convergent
creativity. Solving the RAT evaluates the ability to identify a word
that links three seemingly unrelated cues (e.g. cottage - Swiss - cake
—> cheese). During the test, participants must often inhibit misleading
initial associations and rely on more distant, non-obvious connections.
This makes the RAT particularly sensitive to the structure of the mental
lexicon (Bowden & Jung-Beeman, 2003; Bowers et al., 1990). Especially
difficult RAT items typically require longer and more indirect associa-
tive chains than easy items, retrieving a common target through less
obvious associative pathways. This has made the RAT a valuable tool
for studying insight problem solving, associative thinking, and creative
cognition (Bowden & Jung-Beeman, 2003; Marko et al., 2019; Wu et al.,
2020).

While spreading activation has been proposed as a relevant cogni-
tive mechanism in creative performance, few models have implemented
this framework over multiplex networks. Prior studies have used single-
layer networks to simulate activation spreading through the semantic
network (Siew, 2019). In contrast, SpreadPy allows us to simulate
time-sensitive activation diffusion over a multiplex network. To our
knowledge, this is the first simulation study to investigate how acti-
vation dynamics on a semantic-phonological multiplex network relate
to difficulty levels of RAT items.

Data and modelling setup. We selected a subset of established
RAT items for which difficulty ratings were available (Bowden & Jung-
Beeman, 2003; Bowers et al., 1990; Lee et al., 2014; Wu et al., 2020).
To ensure compatibility with our multiplex network, we retained only
items for which all four relevant words (three cues and one target
solution) were present in both network layers. This constraint was
necessary because the absence of any node would disrupt the spreading
process across the multiplex network. In each simulation, activation
was seeded at the three cue nodes and allowed to spread across both
semantic and phonological layers. We monitored only the solution
node, recording two outcome variables per item: maximum activation
(a,,) and time of maximum activation (z,,).

Research hypothesis. Our central hypothesis is that easier RAT
items should allow the solution node to accumulate activation more
quickly (lower 7,) and result in higher maximum activation (higher
a,,). Conversely, difficult items were expected to show slower (higher
t,,) and weaker (smaller a,,) activation build-up. This is hypothesized
to occur due to greater conceptual distance between cues and target, as
well as more interfering and misleading concepts in between. To further
understand how item difficulty influences the activation patterns, we
varied key simulation parameters to analyse their effect on «,, and ¢,,.
We examined the influence of these three parameters on the activation
patterns (see Fig. 5): (i) Retention rate (set to 0.2, 0.5, or 0.8); (ii) Diffu-
sion mode (standard diffusion vs. superdiffusion); (iii) Initial activation
layer (phonological only, semantic only, or both layers simultaneously).

Single-layer versus multiplex diffusion. SpreadPy enables diffu-
sion simulations either on individual layers, see Table 2, or on the
whole multiplex structure, see Table A.1. When separating difficulty
levels in terms of «,, or ¢,,, the strongest effect sizes are found in terms
of multiplex diffusion (d ~ 0.8 for easy vs. hard, p < 0.05), either
when starting from the semantic layer or when activating both replicas
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or words on both layers. When diffusion is restricted only on the se-
mantic layer, differences between RAT difficulty levels decrease while
remaining statistically significant (d ~ 0.6 for easy vs. hard, p < 0.05).
Interestingly, diffusion on the phonological layer only (see Table A.1)
never gives rise to statistically significant differences. These numerical
evidences indicate that: (i) the RAT difficulty levels, reflecting varying
creativity, encode features reflected by both semantic and phonological
similarities between words; (ii) semantic features are predominant,
compared to phonological features, when determining the difficulty
of searching for solutions in a RAT task. The first point motivates us
further to explore multiplex diffusion with the RAT creativity data (see
Table 3).

Peak magnitude outperforms activation timing in separating
difficulty levels. Across all simulation conditions, maximum activation
(a,,) provided the clearest separation of RAT item difficulty. This was
especially evident in comparisons of easy vs. hard items (averaged
Cohen’s d across diffusion regimes and retention rates of 0.73), but
also visible in easy versus medium items (averaged Cohen’s d = 0.44).
By contrast, the time to reach maximum activation (¢,,) showed fewer
significant contrasts (p < 0.05), with only easy versus hard comparisons
consistently reaching moderate effect sizes (averaged Cohen’s d of
0.55). Comparisons of medium versus hard items were generally not
significant (p > 0.05) for both «,, and 7,,. These results suggest that peak
activation strength, rather than retrieval speed, may better reflect the
associative accessibility of a correct solution in a convergent creative
task such as the RAT.

Easier items reach higher peak activation. As visible in Fig. 5,
maximum activation levels were significantly higher for easy RAT items
compared to medium and hard items, across all retention and diffusion
conditions. When starting the activation on the phonological layer (Fig.
5, top panel) there are only small effects under multiplex diffusion
(D, = 0.1; mean d = 0.27 for easy vs medium; mean d = 0.36 for easy
vs hard). Under superdiffusion (D, = 1,10) and when starting from
either the semantic layer or both layers simultaneously, effect sizes
increase to moderate or strong with mean d = 0.46 (easy vs medium)
and mean d = 0.77 (easy vs strong). Noticeably, when cue words were
activated on both layers simultaneously, differences between diffusion
modes decreased and effect sizes became more stable (see Table 2). No
reliable differences were found between medium and hard items.

Easier items reach peak activation faster. Throughout the sim-
ulations, easy RAT items consistently reached their peak activation
earlier (lower ¢,) than medium or hard items. This pattern stayed
consistent across different starting layers, retention rates and diffusion
regimes. This indicates that retrieval latency, i.e. the time it takes to
retrieve an item from semantic memory which is here captured by 7,
(time until maximum activation), is a valuable indicator of semantic
accessibility (Collins & Quillian, 1969). The comparison of easy vs hard
items consistently showed significant differences with moderate effect
sizes (mean d = 0.55). Differences between easy and medium items
were inconsistent, with significant findings only in some conditions
(phonological seed layer, D, = 0.1; both seed layers, D, = 1, R = 0.5;
both seed layers, D, = 10, R = 0.2) with weak to moderate effect
sizes (mean d = 0.44). Taken together, these findings indicate that ¢,
robustly distinguishes easy from hard RAT items, regardless of seeding
condition, retention rate and diffusion strength.

Retention rates modulate activation timing, not activation
magnitude. When changing retention rates (0.2; 0.5; 0.8) in the
simulations, maximum activation levels remained largely unaffected.
This was somewhat unexpected, considering a higher retention rate of
0.8 means a node retains 80 percent of ingoing activation for itself,
spreading only 20 percent to its neighbouring nodes. In that case, less
activation should keep spreading throughout the network, resulting in
potentially less activation accumulating at the solution node. Thus, one
might expect to observe higher maximum activation levels for lower
retention rates (more activation is spread on) than for higher retention
rates (less activation is spread on). However, even though we found
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Fig. 5. Creativity: Boxplots displaying maximum activation (a,,) and time to reach it (z,) at different diffusion (Dx = 0.1, 1, 10) and retention (R = 0.2,0.5,0.8)
rates, starting from different layers when diffusion is seeded (phonological or semantic replica, or both).

some indications for such a pattern, our results indicate no strong
variations in maximum activation levels according to modulations in
retention rate.

In contrast, we found considerable correlations between retention
values and the time it took to reach peak activation. Across all diffusion
regimes and starting layers, higher retention consistently increased the
latency of maximum activation. This effect was especially pronounced
in the superdiffusion regime (D, = 10), where increasing retention
from 0.2 to 0.8 prolonged average and minimum ¢,, values for all three
item difficulty types. For example, when seeding the activation at the
phonological layer under superdiffusion (D, = 10), the contrast in 7,

between easy and hard items increased from d = 0.37 (at R = 0.2)
to d = 0.61 at (R = 0.8), while corresponding «,, differences remained
stable (mean d = 0.78). This decoupling suggests that retention does not
alter whether a solution becomes accessible (i.e. if it crosses a certain
activation threshold), but when it becomes accessible (i.e. how fast
activation can accumulate at the solution node). In behavioural terms,
this suggests a failure to access a solution node might arise not due to
insufficient activation levels, but due to a temporal delay, especially
when participants are under time pressure (Collins & Quillian, 1969;
Maril et al., 2001).
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Table 2
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Creativity: Cohen’s d values for different starting layers. Bold values indicate statistically signifi-

cant Kruskal-Wallis results (p < 0.05).

Dx Groups a, ‘ I
R=0.2 R=0.5 R=0.8 R=0.2 R=0.5 R=0.8
0.1 easy vs hard 0.27 0.38 0.43 0.69 0.72 0.57
0.1 easy vs medium 0.19 0.29 0.33 0.46 0.55 0.52
0.1 medium vs hard 0.06 0.10 0.14 0.26 0.23 0.08
1 easy vs hard 0.78 0.76 0.72 0.53 0.55 0.62
1 easy vs medium 0.48 0.46 0.44 0.40 0.42 0.47
1 medium vs hard 0.27 0.29 0.29 0.18 0.19 0.16
10 easy vs hard 0.82 0.79 0.74 0.37 0.48 0.61
10 easy vs medium 0.51 0.45 0.42 0.22 0.35 0.38
10 medium vs hard 0.26 0.30 0.30 0.17 0.15 0.23
(a) Starting From Phonological Layer
Dx Groups ‘ a,, t,
R=0.2 R=0.5 R=0.8 R=0.2 R=0.5 R=0.8
0.1 easy vs hard 0.81 0.82 0.78 0.43 0.46 0.64
0.1 easy vs medium 0.50 0.49 0.45 0.30 0.25 0.45
0.1 medium vs hard 0.23 0.28 0.30 0.17 0.26 0.22
1 easy vs hard 0.82 0.80 0.77 0.49 0.49 0.65
1 easy vs medium 0.50 0.47 0.43 0.33 0.33 0.44
1 medium vs hard 0.26 0.29 0.31 0.21 0.20 0.21
10 easy vs hard 0.69 0.74 0.73 0.44 0.57 0.59
10 easy vs medium 0.37 0.43 0.42 0.34 0.45 0.36
10 medium vs hard 0.28 0.29 0.30 0.13 0.16 0.23
(b) Starting From Semantic Layer
Dx Groups ‘ a,, t
R=0.2 R=0.5 R=0.8 R=0.2 R=0.5 R=0.8
0.1 easy vs hard 0.81 0.82 0.78 0.51 0.52 0.64
0.1 easy vs medium 0.51 0.50 0.46 0.40 0.42 0.50
0.1 medium vs hard 0.23 0.28 0.29 0.16 0.14 0.17
1 easy vs hard 0.81 0.80 0.76 0.52 0.53 0.64
1 easy vs medium 0.50 0.47 0.44 0.38 0.41 0.46
1 medium vs hard 0.27 0.29 0.30 0.18 0.17 0.18
10 easy vs hard 0.80 0.77 0.74 0.44 0.54 0.60
10 easy vs medium 0.49 0.45 0.42 0.29 0.41 0.37
10 medium vs hard 0.27 0.30 0.30 0.19 0.17 0.23
(c) Starting From Both Layers
Table 3
Parameter estimates for the multinomial logistic regression using the easy class as baseline.
Variable Category Estimate Std. Error z-value p-value Significance
Intercept hard 0.6523 0.0566 11.516 <0.0001 ok
Intercept medium 0.0938 0.0647 1.450 0.1470
r hard —-0.7475 0.1588 -4.706 <0.0001
r medium -0.5731 0.1793 -3.196 0.0014 o
T hard -0.0139 0.0011 -12.813 <0.0001
o medium —0.0069 0.0011 —6.362 <0.0001 ok
L hard 0.0255 0.0028 9.079 <0.0001 il
toax medium 0.0201 0.0031 6.402 <0.0001 bl
s = phon hard 0.2582 0.0505 5.114 <0.0001 ek
s = phon medium —-0.0172 0.0578 —-0.297 0.7662
s = sem hard 0.4329 0.0538 8.042 <0.0001 ok
s = sem medium 0.1201 0.0615 1.953 0.0508
N hard 0.0706 0.0080 8.769 <0.0001
N medium 0.0279 0.0091 3.060 0.0022 o

Significance codes: *** p < 0.001, ** p <0.01, * p<0.05, . p<0.1.

Reversed patterns across phonological and semantic layers. We
find reversed patterns for maximum activation «,, when modulating
the diffusion parameter and when starting activation either from the
phonological or the semantic layer. When seeding the activation at the
phonological layer, nearly no difficulty-related differences emerge at
multiplex diffusion (D, = 0.1) with small effect sizes (mean Cohen’s
d 0.26 for maximum activation). This indicates that spreading
activation confined to phonological similarity alone fails to capture
the semantic associations necessary for solving the Remote Associates
Task. However, under superdiffusion (D, = 10), phonological cues gain
access to the semantic layer via enhanced inter-layer coupling, allowing
them to quickly hop into the semantic layer, resulting in larger effect
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sizes (mean Cohen’s d = 0.62 for maximum activation). This suggests
that phonological structure alone does not encode RAT difficulty, but
rather becomes informative when it allows shortcuts into the semantic
network.

Conversely, when seeding the activation at the semantic layer,
we find the strongest separation of item difficulty in the result vari-
able of maximum activation at multiplex diffusion (D, = 0.1) with
moderate Cohen’s d values (mean d 0.64 for maximum activa-
tion). Allowing activation to diffuse excessively into the phonological
layer under superdiffusion (D, = 10) reduces these effect sizes (mean
d 0.56). Keeping activation within the semantic layer seems to
preserve the network’s capacity to discriminate easy versus hard items,
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whereas adding excessive diffusion into the phonological layer blurs
that discrimination. This pattern aligns with the reliance of the RAT
on semantic, not phonological, associations (Bowden & Jung-Beeman,
2003; Mednick, 1962). While phonological activation may facilitate
access to the solution under certain conditions, it does not appear to
encode RAT item difficulty as effectively or directly as the semantic
layer.

Multinomial logistic regression complements size analysis. We
ran a multinomial logistic regression to identify how different pre-
dictors influence the likelihood of the categories hard and medium,
relative to a baseline category (easy). Significant negative coefficients
for r (retention rate) and «,,,, (maximum activation level) indicate
that higher values on these predictors decrease the odds of responses
being classified as hard or medium, with particularly strong effects
for hard. Conversely, significant positive coefficients for z,,, (time of
maximum activation), s = sem (start from the semantic layer), s = phon
(start from the phonological layer), and .S (superdiffusion parameter)
indicate that increases in these predictors enhance the likelihood of
responses being categorized as hard or, to a lesser extent, medium.
The lack of significant effect for s = phon in predicting the medium
category indicates this predictor primarily differentiates between hard
and easy categories. Overall, predictors show consistently stronger and
highly significant effects in distinguishing hard responses relative to the
baseline category, thus agreeing with the results on size analysis.

Discussion of results. Our simulations demonstrate that easier RAT
items consistently reached higher peak activation levels (higher «,,)
and did so more quickly (lower 7,) than medium and hard items,
indicating that easy items were structurally more accessible. This is
supported by the spreading activation theory, which posits that nodes
closer to the initial activated node accumulate activation more rapidly
than remote ones (Collins & Loftus, 1975). The distinction between
easy and harder items was robust across parameters, suggesting that
temporal and magnitude-based metrics like 7,, and «,, are valid in-
dicators of structural accessibility. However, the lack of distinction
between medium and hard items implies that standard RAT difficulty
levels may reflect a binary division of “readily accessible” vs. “remote”
rather than a fine-grained continuum. Retention analyses revealed that
higher retention delays peak activation without affecting its strength.
This finding highlights the importance of temporal constraints in re-
trieval of a solution node (Collins & Quillian, 1969; Maril et al.,
2001). In practical terms, participants may fail to retrieve a correct
solution not because activation never reaches a threshold, but because
it does so too late under time-limited conditions. Phonological seeding
only aided discrimination under superdiffusion, highlighting that RAT
performance primarily relies on semantic pathways. This aligns with
previous research, identifying semantic network structure as a core
driver of creative problem solving during verbal creativity tasks like
the RAT (Bowden & Jung-Beeman, 2003; Lee et al., 2014; Mednick,
1962).

Future studies should examine whether individual differences in
retrieval speed and brain activation patterns can predict item diffi-
culty and creativity measures, linking network dynamics to real-world
creative performance (Beaty et al., 2023; Kenett & Faust, 2019).

Summary and implications. The creativity case study shows that
SpreadPy can differentiate item-level difficulty in the Remote As-
sociates Test by capturing activation dynamics across semantic and
phonological layers. Differences in structural accessibility within the
network caused easier RAT items to spread activation more quickly
and strongly. Our SpreadPy package can use both the speed and
strength of activation to simulate why certain creative problems may
be more readily solved than others. This illustrates the tool’s utility for
predicting task difficulty and connecting cognitive models of creativity
with network-based simulations.
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3.3. Case study 3: Modelling aphasic data with SpreadPy

Main goal. This case study assessed whether SpreadPy can repro-
duce and quantitatively dissociate the three canonical picture-naming
errors observed in anomic aphasia: semantic, formal (phonological) and
mixed paraphasias. Specifically, we asked whether diffusion dynamics
on a multiplex lexical network predict empirical error frequencies
and their characteristic types (formal, semantic or mixed), and which
combinations of retention (R) and inter-layer coupling (D,) maximize
diagnostic separation.

Multiplex networks and aphasia. Aphasia syndromes can come
with various deficits, such as anomia, which describes problems with
accessing a desired word. In anomic aphasia, patients usually only
suffer from word retrieval problems while other linguistic domains
remain largely unimpaired. For example, a patient with anomic apha-
sia could struggle during a simple picture naming task, show slower
reaction times and increased chances for mistakes, such as saying
“waterfall” for a picture reporting a “bottle” (Harnish, 2018; Kohn
& Goodglass, 1985). Psycholinguists can search for patterns in mis-
taken productions within picture naming tasks, labelling mistakes as
predominantly semantic, formal/phonological, or mixed, among other
types of mistakes (e.g. no production at all, non-word) (Kittredge et al.,
2008; Kohn & Goodglass, 1985; Wilshire, 2002). Semantic mistakes
take place when individuals can understand some semantic features
of the target word — the word represented in the picture — but can-
not wholly activate, retrieve or produce it entirely. Consequently, the
produced mistake shares some semantic similarity with the desired
target. An example of a semantic mistake would be naming a picture
with a “table” as “supporter” (Kittredge et al., 2008). Analogously to
semantic mistakes being influenced by semantic similarities, formal or
phonemic mistakes occur when individuals produce similar sounding
words to the desired target. If picture naming is performed verbally,
formal mistakes are mostly driven by phonological sound similari-
ties. An example could be naming a picture showcasing a “bunny”
as “funny” (Wilshire, 2002). Mixed mistakes are relative to exper-
imenters identifying both patterns of semantic and/or phonological
similarities, e.g. saying “rat” for “cat”. Identifying the types and rates
of these mistakes can help psycholinguists to better understand the
extent and severity of anomic aphasia within a given individual, as
well as better identify strategies for language re-training (Kittredge
et al., 2008; Kohn & Goodglass, 1985; Wilshire, 2002). Early interactive
activation models (see Dell et al., 1997; Schwartz et al., 2006) captured
aphasic paraphasias with single-layer architectures, but struggled to ex-
plain cross-modal error blends and latency patterns (Dell et al., 1997).
Subsequent two-step and production-monitor approaches improved de-
scriptive coverage yet still lacked an explicit representation of the dual
semantic—phonological topology that psycholinguistic and neuroimag-
ing work now supports (Foygel & Dell, 2000; Schwartz et al., 2006).
Multiplex network science, with its formal treatment of inter-layer
diffusion and superdiffusion, offers a principled way to model how
weakened semantic—phonological coupling prolongs lexical retrieval
and skews the error mix. SpreadPy operationalises this framework,
allowing us to map classical aphasia phenomena onto analytically
tractable network parameters.

Data and modelling setup. We combined the free association
network from the Small World of Words project (semantic layer) with
a phonological similarity network constructed by single-phoneme edit
distance. We focused on nodes that are connected on both layers,
i.e. we focused on the Largest Viable Cluster of this semantic/phono-
logical multiplex network. This yielded a two-layer network of N =
4118 shared word-nodes. A trial-level error corpus from the Philadel-
phia Naming Task project provided picture naming data from chronic
anomic speakers (N =~ 1200 trials; equalized across error classes),
used here as behavioural ground truth. For each stimulus we seeded
1.0 energy on the target word either in the semantic or phonological
layer and ran deterministic diffusion for 50 time-steps under three
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Table 4
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Aphasia: Cohen’s d, Starting from Phonological and Semantic Layers; Bold values if Kruskal-Wallis values are statistically significant, p < 0.05; Column
L stands for “Target Layer”; a,, stands for Max Activation, and 7,, stands for Time Max Activation; Legend in Errors: S: Semantic; F: formal; M: Mixed;

Legend in L: Ph: Phonological, S: Semantic.

Dx Groups L Starting: Phonological Layer [ Starting: Semantic Layer
% X X X n
R=0.2 0.5 0.8 R=0.2 0.5 0.8 R=0.2 0.5 0.8 R=0.2 0.5 0.8
0.1 SvsF Ph 0.01 0.00 0.03 0.18 0.11 0.26 0.29 0.26 0.11 0.65 0.58 0.38
0.1 Svs M Ph 0.03 0.02 0.02 0.40 0.32 0.38 0.23 0.23 0.13 0.48 0.51 0.41
0.1 Fvs M Ph 0.02 0.01 0.01 0.25 0.23 0.14 0.08 0.03 0.02 0.15 0.07 0.03
0.1 SvsF S 0.31 0.30 0.16 0.76 0.72 0.55 0.11 0.01 0.07 0.90 1.13 1.47
0.1 Svs M S 0.26 0.28 0.17 0.61 0.64 0.55 0.10 0.00 0.08 0.93 1.17 1.46
0.1 Fvs M S 0.06 0.03 0.01 0.12 0.07 0.01 0.01 0.01 0.01 0.00 0.01 0.03
1 SvsF Ph 0.08 0.09 0.00 0.37 0.41 0.09 0.20 0.20 0.08 0.42 0.49 0.37
1 Svs M Ph 0.09 0.10 0.01 0.31 0.35 0.05 0.23 0.22 0.10 0.40 0.48 0.37
1 Fvs M Ph 0.01 0.01 0.01 0.09 0.09 0.05 0.02 0.02 0.02 0.03 0.02 0.00
1 SvsF S 0.18 0.23 0.12 0.65 0.69 0.57 0.03 0.07 0.07 0.72 0.79 0.93
1 Svs M S 0.23 0.26 0.15 0.70 0.70 0.57 0.05 0.09 0.09 0.77 0.82 0.95
1 Fvs M S 0.04 0.02 0.02 0.03 0.00 0.01 0.01 0.01 0.02 0.04 0.02 0.05
10 SvsF Ph 0.01 0.06 0.03 0.39 0.52 0.14 0.12 0.14 0.04 0.31 0.40 0.05
10 Svs M Ph 0.03 0.07 0.01 0.42 0.49 0.19 0.18 0.16 0.01 0.27 0.35 0.09
10 F vs M Ph 0.02 0.01 0.02 0.02 0.03 0.05 0.05 0.01 0.03 0.05 0.06 0.04
10 SvsF S 0.00 0.18 0.02 0.57 0.69 0.43 0.02 0.07 0.02 0.47 0.57 0.31
10 Svs M S 0.04 0.20 0.06 0.64 0.69 0.49 0.05 0.09 0.01 0.50 0.56 0.38
10 Fvs M S 0.03 0.01 0.03 0.06 0.00 0.08 0.02 0.01 0.02 0.01 0.01 0.07
Table 5
Aphasia, multiplex: Kendall Correlation between Time Max Activation (7,) and Real Frequency Error (all values statistically
significant).
Dx Err. ‘ Layer ‘ Starting Phon ‘ Starting Sem ‘ Starting Both
R=0.2 0.5 0.8 R=0.2 0.5 0.8 R=0.2 0.5 0.8
0.1 F Ph -0.18 —0.18 —0.20 -0.17 —0.20 -0.20 -0.18 -0.19 -0.20
0.1 M Ph -0.08 -0.15 —0.18 -0.18 -0.19 -0.19 -0.15 -0.18 -0.17
0.1 S Ph —-0.04 -0.13 -0.21 -0.22 -0.25 -0.26 -0.15 -0.22 -0.25
0.1 F S -0.14 -0.16 —0.18 —0.04 —0.09 -0.15 -0.13 -0.15 -0.19
0.1 M S -0.19 -0.20 -0.20 -0.19 -0.19 -0.19 —0.18 -0.19 -0.19
0.1 S S -0.26 -0.25 -0.24 -0.25 -0.25 -0.24 -0.24 -0.24 -0.24
1 F Ph -0.20 —0.20 —0.20 -0.20 —0.20 -0.20 —0.20 -0.20 —0.20
1 M Ph -0.17 —0.18 -0.18 -0.18 -0.19 -0.19 —0.18 -0.19 -0.19
1 S Ph -0.23 -0.24 —0.26 -0.23 —0.24 —-0.25 -0.23 —-0.24 —-0.26
1 F S -0.18 -0.19 -0.19 -0.17 —0.18 -0.19 -0.17 -0.18 -0.19
1 M S -0.20 -0.21 —0.20 -0.20 —0.20 -0.21 -0.21 -0.20 -0.21
1 S S —-0.25 —0.25 —0.26 —-0.25 —0.25 —-0.25 -0.25 —-0.25 -0.26
10 F Ph -0.19 -0.19 -0.17 -0.20 —0.20 -0.17 —0.20 -0.20 -0.17
10 M Ph -0.19 -0.19 —-0.18 -0.18 -0.18 -0.19 -0.19 -0.19 -0.18
10 S Ph -0.23 -0.24 -0.23 -0.22 -0.24 -0.22 -0.22 -0.24 -0.22
10 F S -0.17 -0.19 —0.18 —0.18 -0.19 -0.18 -0.17 -0.19 —0.18
10 M S -0.21 —-0.20 -0.18 -0.19 —0.20 -0.19 -0.21 -0.21 -0.18
10 S S -0.24 —0.25 —0.26 -0.24 —0.26 -0.26 —0.24 —-0.26 -0.26

coupling regimes (D, = 0.1,1,10) and three retention levels (R =
0.2,0.5,0.8). Outcome measures were maximum activation («,,) and
time-to-maximum activation (z,,) in the target layer; group contrasts
were quantified with Cohen’s d and evaluated using Kruskal-Wallis
tests.

Correlations with behavioural outcomes. The correlations in Ta-
ble 5 show that our simulation measures can be meaningfully related
to behavioural outcomes. In particular, time-to-maximum activation
(t,,) can be interpreted as reaction times in picture naming tasks. The
consistent negative Kendall correlations in Table 5 indicate that items
which reach peak activation earlier in the network are also those
that more often lead to naming errors in patients. This is consistent
with the idea that premature activation of competitors may disrupt
target retrieval and underlie error production. Likewise, by correlating
simulation dynamics with empirical error rates, we capture a parallel
to accuracy measures typically reported in behavioural studies. These
results demonstrate that SpreadPy can generate predictions that are
comparable to established behavioural metrics.

Single-layer versus multiplex diffusion when distinguishing er-
rors. When differentiating semantic, formal and mixed mistakes, ac-
tivation spreading on the multiplex structure (see Table 4) and on
single layers (see Table A.3) provide different results. The strongest
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differences in 7, are found when activation spreads on the semantic
layer only (d ~ 1.94,p < 0.05), followed by diffusion involving both
multiplex layers but starting from the semantic one (d ~ 147,p <
0.05). These differences persist across all tested retention rates and are
relative to distinguishing semantic and formal (phonological) mistakes.
Considerably smaller differences are found on the phonological layer
alone or on the multiplex network when starting from the phonological
layer (d ~ 0.4,p < 0.05). These robust findings indicate that semantic
and phonological mistakes might be differentiated by temporal dynam-
ics more strongly related to the semantic layer only than to a mix of
phonological similarities and free associations.

Single-layer versus multiplex diffusion for error frequency. In
terms of predicting the frequency of error types based on their diffu-
sion dynamics, the multiplex network provides only marginally higher
correlations (r ~ —0.26, see Table 5) compared to the semantic layer
only (r ~ —0.25, see Table A.4) for semantic mistakes. This finding
confirms that the semantic layer determines most of the diffusion
dynamics determining activation patterns related to semantic mistakes.
Interestingly, free associations encode also activation patterns relative
to mixed mistakes, since 7,, on both the semantic layer only and on
the multiplex network exhibit similar correlations (r ~ —0.20) with
the frequency of mixed mistakes. This similarity might be due to free
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associations being a multidimensional set of semantic but also mixed
associations, as reported in prior works (Baker et al., 2023). Where
multiplex diffusion provides significantly stronger results than single-
layer diffusion is for the correlations with the frequency of formal
mistakes. These correlations are at most 7 ~ —0.12 in the phonological
layer only, while they increase to r ~ —0.20 in the multiplex case.
These patterns interestingly indicate that formal mistakes might be
qualitatively different from semantic mistakes. Whereas semantic mis-
takes tend to occur with frequencies correlating mostly to time delays
contained mostly in the semantic layer, formal mistakes occur with
frequencies correlating more strongly with time delays exhibited by
a multiplex phonological/semantic multiplex structure. Hence, formal
mistakes might be due to an interference between semantic and phono-
logical similarities, as posited also by past relevant works in aphasia
research (Baker et al., 2023; Dell, 1986; Dell et al., 1997).

Single-layer versus multiplex diffusion. The above findings indi-
cate that single-layer diffusion never outmatches multiplex diffusion in
terms of distinctions between error classes or correlations with error
frequencies. Instead, multiplex diffusion can provide significant infor-
mation about formal mistakes, information that cannot be retrieved in
single-layer diffusion. For these reasons, in the remained of this Section,
we focus on multiplex diffusion.

Temporal dynamics — not peak magnitude — best discriminate
aphasic error classes. With reference to Table 4, across all diffusion-
coupling conditions (D, = 0.1,1,10) Cohen’s d for time-to-maximum
activation is consistently an order of larger magnitude than for maxi-
mum activation. When activation is seeded in the phonological layer
and measured on the same layer, 7,, reaches medium effect sizes (up
to d ~ 0.40) whereas «,, seldom exceeds d = 0.03. The pattern is even
clearer in the semantic layer: with semantic seeding, between semantic
vs. formal and semantic vs. mixed errors, 7,, climbs from d ~ 0.90 at
weak coupling (D, = 0.1) to d =~ 0.57 at strong coupling (D, = 10),
while the corresponding «,, contrasts remain < 0.11. Hence, the latency
with which a concept reaches peak activation carries the diagnostic
signal, not the height of that peak.

Semantic errors diverge earliest and most strongly. For D, = 0.1,
differences in r,, between semantic and formal errors in the semantic
layer reach d = 1.47 when retention is high (R = 0.8), representing
a very strong effect. Even at moderate retention (R = 0.5) the effect
remains large (d ~ 1.13). No other error contrast approaches this
magnitude, indicating that semantic-level competition is the primary
driver of delayed naming in anomic aphasia.

Superdiffusion modulates, but does not erase, temporal sepa-
ration. Increasing the coupling from D, = 0.1 — 1 halves the largest
t,, effect sizes (e.g. d from 1.47 — 0.93 for semantic vs. formal), and a
further ten-fold increase (D, = 10) reduces them to the upper-medium
range (d ~ 0.57). The persistence of sizeable f,, gaps even under
strong coupling, i.e. in the superdiffusion regime, suggests that lexical-
phonological shortcuts cannot fully compensate for degraded semantic
access.

Robust inverse link between activation time and error preva-
lence. With reference to Table 5, across every simulated configuration
the Kendall = between ¢,, and the empirical frequency of naming errors
is negative (r ~ —0.08,...,-0.26). Thus, items whose activation peaks
earlier within the network are more likely to elicit a paraphasia in
patients. This finding is consistent with interactive models in which
quickly rising but mis-targeted activation out-competes the correct
lemma before speech monitoring can intervene. Within the semantic
layer = reaches the largest magnitudes for semantic errors, (-0.24 <
7 < —0.26), followed by formal (—0.14 < r < —0.20) and mixed errors
(-0.18 < 7 < —0.20). The gradient mirrors clinical incidence rates
(semantic > mixed > formal) and indicates that SpreadPy’s diffusion
measures on the current layers are most diagnostic for the frequency of
semantic selection errors. Increasing R incrementally strengthens the
inverse correlation. By contrast, being in multiplex or superdiffusion
regime has negligible impact on r. Whether activation is injected
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into the phonological, semantic or both layers simultaneously, r esti-
mates differ by < 0.03 within each condition. This suggests a lack of
dependency on the initial multiplex or single-layer seeding.

Discussion of results. Within every D, condition, larger retention
values systematically inflate r,, effect sizes, particularly in the seman-
tic layer. High retention therefore prolongs intra-node accumulation,
stretching the time axis and enhancing sensitivity to processing delays
characteristic of different error types. Importantly, our numerical ex-
periments indicate that, when modelling picture naming in people with
aphasia, researchers should prioritize 7,,-based metrics and explore low-
to-moderate inter-layer coupling with higher retention. These settings
maximize the model’s ability to reproduce the empirically observed sep-
aration between semantic, formal and mixed errors. A lack of variation
in the correlations with error frequencies indicates that superdiffusion,
and hence cross-layer shortcuts, matter less than temporal dispersion
within layers. The stable, negative ¢,,-frequency association validates
t,, as a mechanistic proxy for error susceptibility. It further supports
the hypothesis that aphasic naming failures are driven by prematurely
peaking competitors rather than by excessively strong ones. Because
the effect is parameter-robust, 7,, can serve as a reliable optimization
target when adapting SpreadPy to individual patients or exploring
therapeutic interventions that aim to prolong lexical competition in
damaged semantic networks.

Summary and implications. In the aphasia case study, SpreadPy
successfully modelled semantic, formal, and mixed naming errors by
using single-layer and multiplex network structures. While semantic
errors were best captured within the semantic layer, formal errors
emerged more clearly when interactions between semantic and phono-
logical layers were taken into account in a multiplex simulation. These
results highlight SpreadPy’s clinical relevance: it can link error types
to network structure, providing a computational testbed for hypotheses
about aphasic impairments.

4. Discussion

The present work puts the spreading activation model proposed
by Collins and Loftus (1975) into computational form encompassing
Python and multiplex cognitive networks: SpreadPy. Collins and Lof-
tus’ spreading activation model describes how concepts in memory
are activated by energy spreading across links between conceptual
representations. SpreadPy’s central advantage is its ability to simulate
spreading activation within both single-layer and multiplex cognitive
networks (Stella et al., 2024). To our knowledge, this represents a first
pioneering attempt to implement spreading activation across multiple
interconnected layers. This is relevant because multiplex cognitive
network allow for the representation of different types of information
such as semantic and phonological relationships, that are represented
on distinct but interacting layers that can influence the activation
dynamics of each other (Stella et al., 2017, 2018, 2024). This enables
researchers to simulate how different types of information, such as
meaning and sound, interact during cognitive processes like word
associations, creativity, or error production. SpreadPy builds upon the
functionality of the existing spreadr tool, implemented in R (Siew,
2019). Our Python-based framework replicates all features of spreadr
for single-layer networks, but significantly extends the tool by support-
ing multiplex architectures. To our knowledge, there is currently no
equivalent open-source Python tool that enables spreading activation
simulations on single-layer and multiplex networks.

SpreadPy supports modelling networks in multiple languages, as
demonstrated through simulations using English or Italian lexical net-
works. This allows researchers to work directly with data in the original
language, avoiding the need for translation, which is a common limita-
tion in many modelling tools. Modelling cognitive data in the original
language is crucial, as linguistic structures such as word associations
or semantic distances vary significantly across languages. Thus, trans-
lations may fail to preserve key cognitive or structural patterns specific
to a certain language (Vigliocco & Kita, 2006).
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4.1. Technical simulation scenarios

As a computational framework, the SpreadPy library is flexible
enough to adapt to several theories and several different parameters.
For instance, spreading activation can be used in networks of document
similarities (Crestani, 1997) or in cognitive networks (Collins & Loftus,
1975; Doéczi, 2019) as extensively tested in the case studies of this
paper.

SpreadPy enables researchers to simulate a wide range of cognitive
phenomena by flexibly adjusting key parameters in line with theoretical
assumptions. For instance, varying the retention parameter R allows to
model how sustained activation might influence lexical retrieval. For
example, in modelling the tip-of-the tongue phenomenon, low retention
may simulate a temporary failure to access a given word (Burke et al.,
1991). In aphasia, different retention values may reflect impairments
in maintaining activation on target nodes (Dell et al., 1997).

Adjusting the diffusion parameter D, (Gomez et al., 2013) al-
lows control over the strength of interlayer coupling. By doing so,
researchers can define whether activation spreads more readily within
or across layers. This could be used for investigating mixed errors
in aphasia (Dell et al., 1997), where interaction between layers is
essential. High coupling simulates strong interactions between layers,
while low coupling reflects more isolated layer functioning.

Choosing the starting point of activation allows modelling task-
dependent differences. For instance, tasks involving category verifica-
tion (Mulligan & Peterson, 2008) may start from the semantic layer as
they focus on meaning, while phonological similarity judgements (Siew
& Castro, 2023) may begin from the phonological layer due to their
reliance on phonological information. Experiments involving both se-
mantic and phonological information at the same time, such as auditory
stimuli during a lexical decision task, can be modelled with activation
starting from both layers simultaneously.

Another key modelling choice lies in selecting which layer/s the
network is built from. Researchers focusing on phonology can simu-
late activation in a phonological single-layer network. This approach
is well suited for experiments investigating phonological similarity
judgements (Siew & Castro, 2023), spoken-word recognition (Vitevitch
& Aljasser, 2021) or processing spoken nonwords (Vitevitch et al.,
1997). By isolating the phonological layer, SpreadPy allows users to
examine effects of phonological similarity or neighbourhood density
without interference from semantic associations (Siew, 2013; Siew &
Castro, 2023). To model phonological impairments, researchers can
lower the retention parameter to simulate rapid decay of activation
on the phonological layer, similar to degraded phonological working
memory (Grivol & de Vasconcellos Hage, 2011).

Likewise, researchers interested in meaning-based processing can
model activation spreading in semantic single-layer networks. This is
relevant for investigating semantic priming effects (Groot, 1983), cate-
gory verification (Mulligan & Peterson, 2008), or the role of semantic
distance in judgements of semantic relatedness (Kenett et al., 2017).
Moreover, SpreadPy allows researchers to add further information as
weight to nodes or links. For instance, nodes can be weighted according
to their frequency which can help in explaining strong or weak priming
effects (Yap et al., 2009).

SpreadPy’s support for multiplex cognitive networks (Stella et al.,
2024) means that experimenters can simulate scenarios in which
phonological and semantic layers interact dynamically. This is particu-
larly relevant for studies of lexical decision (Coltheart et al., 1979),
speech-in-noise recognition (Bradlow & Alexander, 2007) or anomic
aphasia (Baker et al., 2023), where both types of information have
been found to influence performance (Baker et al., 2023; Castro & Siew,
2020; Collins & Ellis, 1992; Coltheart et al., 1979).

Beyond cognitive science, SpreadPy is also suitable for applications
in information retrieval (Crestani, 1997). For instance, computer scien-
tists can simulate semantic search processes in digital libraries, where
nodes represent documents and edges reflect shared features such as
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authorship, genre, or keyword overlap (Sevcech et al., 2014). In such
contexts, spreading activation models can help evaluate how relevant
documents are retrieved based on initial query activation, and how
these signals evolve over time.

4.2. Complexity analysis and parameter sensibility

The update rules of SpreadPy are implemented as local, edge-based
operations: at each iteration, only nodes with non-zero activation and
their neighbours are updated. This ensures that complexity scales with
the number of active edges, O(| E,|), rather than with the full graph size.
For sparse lexical and semantic networks, where |E| < |V |?, this results
in nearly linear-time behaviour. In the multiplex case, memory usage
grows as O(|V| - |L|), since each node is represented in every active
layer, while computation scales linearly with intra- and inter-layer
edges.

Moreover, previous discussion on technical simulation scenarios
highlights how analysts must carefully consider parameter sensitivity.
In this regard, SpreadPy allows systematic exploration of the effects of
R, D,, initial activation nodes, and layer selection. In the three selected
case studies (cf. next paragraph), small changes in R affect activation
decay and retention on target nodes, influencing peak activation and
retrieval latency. Adjusting D, modulates inter-layer coupling, affecting
diffusion dynamics in multiplex versus single-layer networks. Similarly,
the choice of starting nodes and activated layers can alter activation
pathways and outcomes. Parameter sweeps or sensitivity analyses are
recommended to ensure robust and interpretable results.

4.3. Case study insights

We demonstrated the utility of SpreadPy through three distinct
case studies investigating spreading activation in relation to: (i) math
anxiety, (ii) creativity, and (iii) aphasia.

In the affective cognition case study, SpreadPy was used to model
the semantic associations of participants with varying levels of math
anxiety. We used psychometric scores to classify participants into high-
and low-math-anxiety groups. On group-level single-layer networks
constructed from free association data, we activated the node “mathe-
matics” and measured peak activation «,, and time of peak activation
t,, on the nodes “anxiety”, “stress” and “depression”.

The simulations revealed that in high math-anxious individuals,
“mathematics” triggered rapid activation of the concept “anxiety”,
reflecting direct and strong links in the semantic-affective network.
In contrast, individuals without math anxiety showed more diffuse
activation paths, involving intermediate nodes that “softened” the link
between math and negative affect. These findings highlight a mirroring
between the structure of memory, a sustained activation of negative
affect, and individual differences in math anxiety. Individuals that were
classified as having high math anxiety through psychometric scores
tend to maintain stronger activation of negative concepts, and their
cognitive networks reflect this negative bias (Stella, 2022). SpreadPy
thus allows researchers to operationalize how affective features are
encoded in the structure of cognitive networks and to explore how these
structures shape activation flow over time.

In the creativity case study, we investigated if SpreadPy could differ-
entiate between items with varying difficulty in the Remote Associates
Test (RAT). We constructed multiplex networks consisting of a semantic
and a phonological layer. On either the semantic, the phonological or
both layers simultaneously, we activated all three cue words (e.g. “cot-
tage - Swiss - cake”) at the same time and measured peak activation and
time of peak activation at the solution node (e.g. “cheese”). SpreadPy
could effectively differentiate items by difficulty, predicting faster and
higher activation peaks for easier items (see Fig. 5. Higher activation
could reach solution nodes more quickly at shorter distances from the
initially activated nodes. This interpretation can explain why easier
RAT solutions exhibited lower ¢,, (time of max activation) and higher
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a,, (peak activation). In contrast, more difficult items typically involve
more remote associations, according to Mednick’s Associative Theory
of Creativity, which proposes that creative thinking involves bridging
distant semantic concepts (Mednick, 1962). Our SpreadPy simulations
provide a quantitative match to this theory: items rated as more diffi-
cult required more time and exhibited lower peak activation compared
to easy items.

Beyond supporting established creativity theories, this case study
also highlights the advantages of modelling cognitive search mech-
anisms relevant for creativity on a multiplex network. Our results
showed that differences in RAT item difficulty were most pronounced
when activation diffused through a multiplex structure combining
semantic and phonological layers (see Table 2). Although the se-
mantic layer alone produced significant distinctions, reflecting the
task’s inherently semantic nature, results from the multiplex network
showed greater differentiation between the difficulty levels. In contrast,
diffusion on the phonological layer alone produced no significant
results, further underscoring that the RAT task relies mostly on se-
mantic memory relationships rather than sound-based cues (Bowden
& Jung-Beeman, 2003; Lee et al.,, 2014). However, the combined
semantic—phonological multiplex network provided additional discrim-
inative strength, suggesting that while semantic pathways drive solu-
tion access, phonological connections may further support retrieval or
strengthen activation of the solution indirectly.

This finding supports broader psycholinguistic claims that semantic
and phonological layers are tightly coupled (Collins & Ellis, 1992;
Coltheart et al., 1979; Déczi, 2019; Levelt, 2001) and that even seman-
tically dominated tasks may benefit from models that can incorporate
phonological information and allow for its interaction with semantic
information.

The aphasia case study demonstrated how SpreadPy can be applied
in clinical settings, e.g. to simulate picture-naming errors in individuals
affected by disorders from the aphasic spectrum (Baker et al., 2023).
We constructed multiplex networks with a semantic layer and a phono-
logical layer. We started activation at the target word (name of the
object in the picture, e.g. “bottle””) and measured how quickly (z,,) and
how much maximum activation («,,) arrived at the mistaken solution
(e.g. “waterfall”).

We investigated 3 different aphasic error types: semantic, formal
and mixed errors. Semantic errors involve the production of words
that are conceptually related to the target (e.g. saying “supporter” for
“table”) (Kittredge et al., 2008), while formal errors are driven by
phonological similarity (e.g. saying “funny” for “bunny”) (Wilshire,
2002). Mixed errors combine both semantic and phonological overlap
(e.g. saying “rat” for “cat”) (Baker et al., 2023). Our simulations
indicate that the temporal feature of activation spreading, i.e. the
time to reach peak activation, was better at discriminating between
error types compared to maximum activation itself. Semantic errors
were best captured using the semantic single-layer network, with clear
distinctions from other error types based on 7,,,.

This suggests a crucial advancement for aphasia studies. Our
SpreadPy simulations show quantitatively that semantic mistakes arise
primarily from semantic representations, the multiplex network per-
formed almost as well in identifying semantic errors as the semantic
layer alone. In contrast, formal errors were poorly differentiated from
other error types in the phonological single-layer network. However,
in the multiplex network, formal mistakes were far more distinguish-
able, suggesting that semantic information interferes with phonological
retrieval. Even though formal errors may ostensibly appear to be a
by-product of processes that occur on the phonological layer alone,
our simulations suggest a more nuanced mechanism by which formal
errors emerge from the interaction between semantic and phonolog-
ical processes, rather than simply being confined to the phonological
layer (Castro & Stella, 2019; Dell et al., 1997). This makes the multiplex
network especially valuable: it models how semantic errors arise within
the semantic layer, and also captures the interference of semantic
activation on the phonological layer, which helps explain formal errors.
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4.4. Investigation of superdiffusion across experiments

In multiplex cognitive networks (Stella et al., 2024), activation
spreads simultaneously across semantic and phonological layers, and
their interaction produces a synergistic acceleration, i.e. superdiffusion,
that goes beyond what either pathway alone can achieve. Psychologi-
cally, superdiffusion corresponds to the ability of speakers to retrieve
words more rapidly by drawing on multiple representational codes in
parallel, semantic associations (e.g., “dog” — “cat”) and phonological
cues (e.g., “mat” — “cat”), which converge to amplify activation of the
target word. Superdiffusion from multiplex networks is a process-level
account of how interactive activation across modalities boosts effi-
ciency in word finding. Hence superdiffusion consistently aligns with
spreading activation theories (Collins & Loftus, 1975) and interactive
lexical access models (Dell & O’Seaghdha, 1991).

Importantly, superdiffusion in cognitive multiplex networks, as
modelled with SpreadPy, corresponds most directly to accelerated and
more efficient lexical access rather than to a general reduction in
cognitive load. The simulations show that when activation is allowed
to spread jointly across semantic and phonological layers, target nodes
(e.g., solution words in creativity tasks, lexical items in aphasia data)
not only reach higher activation peaks but also do so faster than in
single-layer or standard multiplex regimes. In Case Study 2, easier
Remote Associates Test items reached higher and earlier activation
under superdiffusion. In Case Study 3, the timing of activation peaks
predicted error types in aphasia. Hence, in our experiments with
cognitive/psychological data, superdiffusion manifests behaviourally as
shorter retrieval latencies and increased likelihood of correct access
under time constraints, both elements mappable in terms of faster
access and not directly indicative of lower cognitive load. Rather than
reducing the overall cognitive effort required, superdiffusion provides
a mechanistic explanation for why certain lexical retrievals are both
quicker and more accurate: synergistic cross-layer interactions allow
information to accumulate at targets more rapidly than through either
semantic or phonological pathways alone.

Superdiffusion also has implications for learning and memory. In
educational settings, students with well-integrated knowledge networks
(e.g., strong connections between mathematical concepts and real-
world applications) may exhibit superdiffusive activation, facilitating
problem-solving learning. Conversely, conditions like math anxiety,
which fragment associative networks, could disrupt superdiffusion,
leading to slower and less efficient cognitive processing (Artemenko
et al,, 2015; Stella, 2022). By modelling these dynamics, SpreadPy
enables researchers to quantify the impact of network structure on
cognitive performance, offering insights into individual differences and
potential interventions.

Finally, superdiffusion provides a mechanistic framework for study-
ing higher-order cognition, such as creativity and reasoning. In creative
tasks, for example, the ability to combine distant concepts may rely
on superdiffusive activation across semantic and contextual layers.
SpreadPy’s multiplex simulations allow researchers to test these hy-
potheses, exploring how network topology and layer coupling influ-
ence cognitive flexibility. By bridging network science and cognitive
psychology, superdiffusion models can open new avenues for under-
standing the neural and computational principles underlying human
thought.

A promising future direction is to design experiments that or-
thogonally manipulate network coupling and task load to disentan-
gle whether superdiffusion reflects faster lexical access or reduced
cognitive effort. For example, items with high versus low semantic—
phonological coupling (predicting faster access in SpreadPy via earlier
and stronger activation peaks) could be tested under varying secondary
task demands (e.g., n-back or articulatory suppression). Measuring
both retrieval speed/accuracy and independent load markers such as
pupil dilation or EEG theta power would allow researchers to deter-
mine whether superdiffusion selectively enhances access speed (earlier
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responses, higher drift rates in diffusion models) without reducing
physiological indicators of effort, thus clarifying whether its primary
psychological signature is accelerated retrieval rather than lowered
cognitive load.

4.5. Limitations

Although SpreadPy provides a flexible and extensible framework,
several limitations should be acknowledged. First, all case studies
presented here relied on language-based networks, limiting the general-
izability of our demonstrations to other domains of cognition. Secondly,
the datasets used in the present work are restricted in scope, focusing
on English and Italian lexical networks. While SpreadPy technically
supports cross-linguistic simulations even in less-studied languages and
other writing systems, its application in other languages needs to be
tested. Furthermore, the quality of outcomes remains dependent on
the availability and representativeness of the underlying network data.
Finally, as with all computational models, the predictive value of
SpreadPy hinges on the validity of the input parameters and network
structure. The library does not impose a single theory of cognition,
which increases flexibility but also places responsibility on researchers
to construct and validate networks that are theoretically grounded and
empirically supported.

While SpreadPy is designed as a computational tool for simulating
cognitive activation dynamics, its output is only as robust as the net-
work it is given. Because the tool depends on the structural quality of
the input networks, whether constructed from human association data
or Large Language Models, users must pay attention to the validity and
representativeness of their input networks. SpreadPy does not prescribe
a single architecture or theory, and this openness is a strength, but
this places responsibility on the researcher to construct transparent and
valid networks. Nevertheless, at the same time, network structure alone
may not fully capture the richness of cognitive processes, which also
depend on temporal, contextual, and neural dynamics. A possible future
extension would be to integrate external sources of information, such
as neural data, behavioural measures, or contextual embeddings, into
the network representation, and to combine structural and attribute-
based features within the model. Such developments would allow
SpreadPy to move beyond purely structural simulations and toward
more comprehensive accounts of cognitive phenomena.

4.6. Impact for future research

Our findings not only demonstrate SpreadPy’s capacity for mod-
elling cognitive dynamics in multiplex systems, but also point to-
ward several promising directions for methodological development and
future research.

From a practical standpoint, SpreadPy addresses several limitations
of classical cognitive modelling frameworks. Models like Dell’s inter-
active activation of word production (Dell, 1986; Dell & O’Seaghdha,
1991) are restricted by small-scale lexicons, while McClelland and
Rumelhart’s interactive activation model of context effects (McClelland
& Rumelhart, 1981) rely on seemingly arbitrary parameter settings
that hinder generalization and reproducibility. Meanwhile, Collins and
Loftus’ (1975) spreading activation theory remains primarily verbal
and difficult to operationalize. SpreadPy offers a clear computational
advantage by supporting simulations on realistically sized networks
with transparent and interpretable parameters and flexible parameter
tuning.

Notably, the case studies presented in this paper make use of only
a subset of SpreadPy’s functionality. Several built-in features remain
available for future exploration. For example, SpreadPy supports the
integration of node- or edge-level attributes such as valence or word
frequency. Future work could modulate activation dynamics using
such attributes, aligning simulations more closely with known patterns
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of language use and word recognition. Moreover, although the cur-
rent case studies employed a uniform diffusion across the network,
the SpreadPy tool is able to simulate weighted spreading based on
these attributes. Furthermore, inhibitory mechanisms are also imple-
mented in the tool. We inherited the suppression parameter from Siew’s
spreadr (Siew, 2019), which globally reduces activation below a given
threshold. Future refinements of this feature could simulate inhibition
of specific nodes or pathways, as seen in lexical competition or error
correction.

Furthermore, in contrast to many traditional cognitive models that
provide static outcomes, SpreadPy allows for the tracking of activation
over time. Thus, it may be combined with techniques such as EEG, eye-
tracking, and mouse-tracking which emphasize the temporal unfolding
of cognitive processes rather than static end states (Spivey et al., 2005).
In addition to tracking peak activation and latency of peak activation,
SpreadPy allows activation trajectories to be computed and visualized
across time points and for each individual node. This enables a far more
detailed comparison between empirical data and simulated dynamics
than traditional models that only predict endpoint behaviour, such as
reaction times or accuracy rates.

SpreadPy addresses distinct methodological needs across multiple
research communities. Psychology and cognitive science researchers
can leverage the tool to operationalize theories of semantic memory
and spreading activation, quantifying how interventions alter associa-
tive structures while bridging psychometric measures with computa-
tional simulations. Computer science applications encompass algorithm
validation, network analysis methodologies, and developing algorith-
mic models that simulate human semantic processing. Neuroscience
benefits from SpreadPy’s capacity to model network-level impairments,
exploring how semantic degradation or compromised lexical access
manifest in aphasia, dementia, or developmental disorders, with tem-
poral dynamics serving as proxies for neural processing efficiency and
connectivity patterns.

Finally, SpreadPy opens new opportunities for cross-linguistic simu-
lations. The tool supports the simulation on networks in any language,
making it well suited to test predictions, e.g. word recognition tasks
across languages with different writing systems (e.g., alphabetic vs. lo-
gographic). For instance, researchers could compare how orthography—
phonology-semantic interactions differ between English and Chinese,
testing extensions of the Seidenberg and McClelland framework (Sei-
denberg & McClelland, 1989; Yang et al., 2006) within a multiplex
network environment.

4.7. Conclusion

Finally, SpreadPy serves as an accessible and fully open-source tool
for simulating how minds activate, associate and sometimes err through
the structure of their mental networks. It facilitates theory testing, and
supports empirical designs that go beyond static outcomes to capture
the dynamics of cognition as it unfolds.
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