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ABSTRACT
Evaluating discourse production provides an effective means of asses
sing the language competence of persons with aphasia (PWA) in 
naturalistic and ecologically valid communication contexts. Existing 
research on PWA discourse has focused on discrete linguistic measures 
such as sample length or type-token ratios. To provide a holistic view 
of the interconnections of linguistic entities in PWA discourse, this 
study compared the lexical networks of discourse produced by PWA 
with those by healthy controls. At the macro level, PWA networks 
showed a smaller size and diameter but higher density compared to 
those of healthy controls. In addition, networks of both groups 
showed small-world characteristics. However, the degree of small- 
worldness was lower for the networks of PWA compared to those of 
healthy controls. At the meso level, network modularity measures of 
healthy controls were larger than those of PWA in the story-narrative 
task. At the micro level, the degrees of nodes in the networks of both 
groups followed a power-law distribution, suggesting that their net
works were scale-free. Our findings reveal that lexical networks of PWA 
discourse are constrained and less efficient but still retain some basic 
characteristics of typical language networks.
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Introduction

Persons with aphasia (PWA) experience varying degrees of difficulty in lexical retrieval in 
discourse production, which significantly impacts their ability to effectively communicate 
in everyday life. Given the importance of discourse production in aphasia research (Dipper 
et al., 2021; Dipper et al., 2017; Pritchard et al., 2017, 2018), a variety of linguistic measures 
have been employed to investigate discourse production in PWA, such as language 
productivity (e.g. sample length, lexical diversity, Fergadiotis & Wright, 2011; Fergadiotis 
et al., 2013), information content (e.g. correct information unit analysis or core lexicon 
analysis, Chen & Chang, 2024; Dalton et al., 2022; Kim & Wright, 2020) and grammatical 
complexity (e.g. morphological and syntactic complexity measures) (see Bryant et al., 2016, 
for a review of linguistic analysis of discourse in aphasia).

Although existing aphasic discourse analyses have revealed important characteristics of 
PWA language deficits using these discrete measures, there is a lack of a holistic view of the 
interconnection of entities in the PWA language system. Language is a system of 
interdependent terms in which the value of each term results solely from the simultaneous 
presence of the others (Saussure, 1959). Thus, it is argued that the human language system 
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should be modelled as an interconnected complex system in which the whole is often 
greater than the sum of its parts (Vitevitch & Castro, 2015).

Modern network science offers techniques to model human language as a complex system 
with nodes being words (Amancio, 2015) or paragraphs (de Arruda et al., 2019) and links 
being their phonological (Vitevitch & Castro, 2015), semantic (de Arruda et al., 2019) and 
syntactic (Abramov & Mehler, 2011; Fan & Jiang, 2021; Liu, 2008) relations. Measures of 
these networks can reveal important interactions among entities in the language system and 
are useful for studying language classification (Abramov & Mehler, 2011), detecting stylistic 
variations (Amancio, 2015; de Arruda et al., 2019; Fan & Jiang, 2021) and extracting 
keywords (Blanco & Lioma, 2012; Yang et al., 2018). Recently, the use of network analysis 
has been extended to understanding language development (Beckage et al., 2011), language 
impairment (Castro et al., 2020) and age-related cognitive decline (Liu et al., 2021).

Building on these advancements, lexical networks constructed from discourse data have 
emerged as a novel approach to studying discourse production by people with cognitive 
decline (e.g. Alzheimer’s disease or AD, Liu et al., 2021; Malcorra et al., 2021), attention- 
deficit hyperactivity symptoms (Coelho et al., 2021) and children with developmental 
disorders (Beckage et al., 2011). In such lexical networks, words (as nodes) are connected 
by edges that denote semantic relationships derived from co-occurrence within a specific 
span of discourse (Coelho et al., 2021; Mota et al., 2023; Wießner et al., 2023). In one study 
with children (Beckage et al., 2011), lexical networks were built with nodes representing 
words used by children as reported by their parents and links between them derived from 
the co-occurrence statistics of these words in a child-directed speech corpus (i.e. CHILDES, 
MacWhinney, 2016). The lexical network of the typically-developing children had a higher 
clustering coefficient, a shorter average path length and displayed greater small-world 
characteristics relative to the late-talking children. In another study, lexical networks 
created from narratives produced by AD patients were less connected than cognitively 
healthy older adults (Malcorra et al., 2021). Nevertheless, very few aphasia studies have used 
network modelling.

Applying this network-based approach to aphasic discourse can reveal patterns of 
word retrieval deficits or preserved connections. Specifically, network measures, such 
as network size, density, diameter, small-world properties, modularity and scale-free 
properties, are expected to complement previous linguistic metrics by capturing how 
lexical items interact and form meaningful patterns in discourse production (for an 
overview of network measures applied to cognitive and/or language networks, see 
Siew et al., 2019; Steyvers & Tenenbaum, 2005). For instance, network density, 
which measures the proportion of actual connections between words relative to all 
possible connections, offers insights into the strength of word connections, 
potentially highlighting weakened or disrupted semantic linkages in PWA discourse. 
In addition, small-world networks are characterised by strong local connectivity and 
efficient long-distance connections, which may be reduced in PWA discourse, 
indicating impairments in the efficient organisation of lexical resources. 
Modularity, the degree to which the network can be divided into distinct clusters 
or communities of words, reflects thematic or semantic organisation of discourse. 
Low modularity may suggest difficulties in organising the content of a picture or 
story into meaningful lexical clusters. Scale-free networks, where a small number of 
highly connected nodes (hub words) coexist with many less connected nodes, 
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indicate optimised language processing. Deviations from this in the PWA network 
may reflect deficits in the accessibility of critical lexical hubs.

In one aphasic network study (Castro et al., 2020), a multiplex lexical network 
was built on free association, synonym, general-specific and phonological similarity 
relations. Network measures, such as degree (the number of connections per node) 
and closeness centrality (the inverse of the average of the length of the shortest path 
between the node and all other nodes in the network), were then used as predictors 
for picture naming performance of aphasic patients (Castro et al., 2020). They found 
that both naming accuracy and naming error types were affected by the degree and 
closeness centrality of the target word. In addition, error types also varied as 
a function of the network distance between the target word and the error word. It 
should be noted that their networks were not based on discourse production data. 
Thus, the properties of PWA lexical networks based on discourse data remain an 
unresolved issue.

In addition, discourse types, such as picture descriptions, story narratives and 
procedural descriptions, are reported to affect the linguistic characteristics of 
discourse production. Single-picture description tasks, for example, elicit discourse 
production with very limited lexical diversity relative to multi-picture description 
tasks for both aphasia and control groups (Stark, 2019). Storytelling narrative tasks 
based on familiar stories (such as Cinderella) elicit more complex language content 
compared to picture description tasks as well as procedure description tasks (Stark,  
2019). According to the Triadic Componential Framework (Robinson & Gilabert,  
2007), these tasks differ in their task complexity, which can be used to account for 
task-induced variations in discourse production. Task complexity has two 
dimensions: resource-directing and resource-dispersing. The resource-directing 
dimension includes task characteristics related to concepts, such as, relative time, 
spatial location, causal relationships and intentionality. Different tasks, for example, 
vary in the degree of reasoning required for causal events and internal states. 
Storytelling involves extensive reasoning about motivations and consequences, 
while picture description requires less, and procedural discourse is primarily 
objective. These differences influence lexical organisation and how speakers structure 
their discourse production.

In addition, resource-dispersing variables, such as planning time or background 
knowledge, can also affect task performance. The picture description task directly 
provides background knowledge for the task, while storytelling and procedural tasks 
require speakers to rely more on their existing knowledge. The storytelling task is 
expected to be especially demanding, as it offers less background information and 
imposes higher cognitive and memory loads. PWA is predicted to struggle more with 
the storytelling task relative to the control group, resulting in less effective use of their 
lexical resources.

However, there has been no comprehensive research on lexical networks of aphasic 
discourse production and how different elicitation stimuli/tasks affect lexical network 
properties. The present study used data from the AphasiaBank (MacWhinney & Fromm,  
2016; MacWhinney et al., 2011) to construct lexical networks for three different discourse 
types and compared network properties between control and aphasia groups.
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Method

Data

Discourse production data utilised in this study were retrieved from the AphasiaBank 
(MacWhinney & Fromm, 2016; MacWhinney et al., 2011). We selected data of picture 
description, story narrative and procedural discourse out of the five task types in the 
original protocol because these tasks are more informative and comparable among 
participants than the greeting part (which provides very limited data) and free speech 
(which shows huge variations among participants). The Broken Window multi-picture 
description task, which is more comparable to the story narrative task, was selected over 
other single-picture tasks such as Cat Rescue and Flood. The story narrative task required 
participants to recount the Cinderella story, while the procedural discourse task required 
participants to describe how to make a peanut butter sandwich. Detailed guidelines 
pertaining to task administration and transcription of discourse samples are available on 
the AphasiaBank website.

Transcripts of 78 English-speaking PWAs were retrieved from the AphasiaBank database 
(see Table 1). Participants included in the study were diagnosed using WAB-R (Kertesz,  
2006) and were identified as anomic (n = 34), Broca’s (n = 21), conduction (n = 16), 
transcortical motor (n = 2), transcortical sensory (n = 1) and Wernicke’s (n = 4) aphasia. 
Transcripts from a cohort of 78 healthy English speakers were chosen from the control 
group within the same database to serve as a baseline for comparison with PWAs. Statistical 
analysis revealed no significant differences between the two groups in age and years of 
education.

Data pre-processing

In the present study, we used the Computerized Language Analysis (CLAN) program to 
extract transcriptions of clear speech (no repetitions, repairs or other types of disfluencies as 
annotated) (MacWhinney et al., 2011) and these transcriptions were tokenised into words 
via the tidytext package (Silge & Robinson, 2016) in R (R Core Team, 2018). These words 
were then used as nodes in the network construction.

To establish the semantic connections (or vertices) between words, we first utilised 
a word embedding model from fasttext (Grave et al., 2018) pre-trained on large-scale data 
to represent each word in a 300-dimension space. Words that co-occur in comparable 
contexts tend to have closer proximity in the vector space. This property allows the word 
embedding model to effectively capture semantic relationships between words. Then, we 
calculated the cosine similarity between two words as vertices, which measures the cosine of 
the angle between two vectors in the 300-dimension space. To make our models 

Table 1. Demographic information for all individuals. AQ = aphasia quotient.

Group

Age (yrs) WAB AQ Years of education

n M SD M SD M SD

Control 78 51.9 11.1 – – 15.8 2.5
PWA 78 54.3 7.1 74.1 14.7 15.1 2.4

190 J. CHEN AND H. CHANG



computationally tractable and efficient, words with low (less than 0.7) and negative cosine 
values (as in Xu et al., 2021) were not linked.

Network properties

In brain science, three dimensions of brain networks, i.e. the order, hierarchy and 
degree diversity dimensions, are considered important for differentiating between 
normal and impaired brain networks (Stam, 2014). For the order dimension, normal 
brain networks have strong local connectivity and efficient long-distance connections 
(i.e. small-world networks). For the hierarchy dimension, normal brain networks show 
hierarchical modularity (Meunier et al., 2010), in which different modules align with 
major functional systems. For the degree diversity dimension, normal brain networks 
are scale-free, with a number of highly connected hubs. Assuming the brain network is 
the biological basis for language, we examined lexical networks based on discourse 
production for these three dimensions by measuring network small-worldness, 
modularity and scale-free properties.

Small-world index
Many language networks, such as semantic networks (Steyvers & Tenenbaum, 2005), are 
reported to show small-world characteristics. In order to measure network small-world 
characteristics, we first constructed random networks with the same number of nodes and 
edges for each discourse production task. Two measures are essential in quantifying 
small-worldness: Average Shortest Path Length (ASPL) and global clustering coefficient 
(C). ASPL refers to the mean of the shortest possible path between all possible pairs of nodes 
in the network. The global clustering coefficient is calculated as the average of the local 
clustering coefficients of all nodes (i.e. the proportion of connections between its 
neighbours divided by the total possible connections among them). A small-world network 
has a shorter ASPL and a larger clustering coefficient than its reference random network 
with the same number of nodes and edges.

The index we used to quantify small-worldness is the small-world quotient (Q) (Davis 
et al., 2003; Uzzi & Spiro, 2005) and is widely used in different fields (Bassett et al., 2008; 
Bullmore & Sporns, 2009). If Q is greater than 1, the network is considered small-world 
(Humphries et al., 2008). In other words, the network’s ASPL is comparable to that of 
a random reference graph and/or that the network’s clustering coefficient is larger than 
a random reference graph. 

Cr and ASPLr refer to the global clustering coefficient and mean average shortest path length 
of a random reference graph.

Modularity
In many real-world networks (e.g. lexical semantic network, Wulff et al., 2022), 
community structures are observed, in which nodes are grouped into distinct 
communities based on the relatively high density of connections within the same 

CLINICAL LINGUISTICS & PHONETICS 191



community compared to connections between nodes from different communities 
(Newman, 2006). Modularity serves as a quantitative measure of the density of 
connections within communities relative to that of connections across different 
communities (Fortunato, 2010). Networks with higher modularity have a strong 
community structure.

Various community detection techniques have been devised to identify communities in 
the network. In the present study, four different methods were used for community 
detection via functions in the igraph package in R (Csardi & Nepusz, 2006). The utilisation 
of different methods enables us to triangulate data, enhancing the validity of the findings 
through corroborative evidence.

The edge-betweenness method operates on the principle that edges connecting 
distinct communities typically have high edge-betweenness values, as they are on 
numerous shortest paths between nodes of different communities. The algorithm 
begins by calculating the edge-betweenness for all edges in the graph. It then removes 
the edge with the highest edge-betweenness score and recalculates the 
edge-betweenness for the remaining edges. This iterative process of removing the 
edge with the highest edge-betweenness and recalculating continues until no further 
improvement in modularity is possible.

The Louvain method is based on the principle that communities can be viewed as 
aggregates of smaller communities (Blondel et al., 2008). Initially, each node is 
assigned to its own unique community, resulting in as many communities as there 
are nodes. The algorithm then iteratively evaluates each node, relocating it to the 
neighbouring community that provides the greatest increase in modularity. 
Following this reallocation, a new network is constructed where the nodes represent 
the communities identified in the previous phase. This process repeats until no 
further improvement in modularity is achievable.

The random walker method is based on the idea that a random walker spends more time 
within a community rather than between distinct communities. The algorithm thus groups 
nodes together based on the similarities of the paths traversed by a random walker starting 
from each node.

The Infomap method uses the probability flow of random walks on a network as a proxy 
for information flow and identifies modules by compressing the probability flow (Rosvall & 
Bergstrom, 2008).

Scale-free characteristics
In scale-free networks, the degrees of nodes follow a power law distribution. To test 
whether the degrees of nodes in our language networks follow a power law distribution, 
we used fit_power_law function in the igraph package. The Kolmogorov–Smirnov test 
was used to compare the fitted distribution with the input vector. Smaller scores indicate 
a better fit. The p-values of the Kolmogorov–Smirnov test were also reported. Small 
p-values (less than 0.05) indicate the rejection of the null hypothesis (i.e. the data 
followed a power-law distribution). The emergence of the scale-free property appears 
to be influenced by the type of linguistic network, with evidence supporting its presence 
in semantic association networks (Steyvers & Tenenbaum, 2005) but not in phonological 
networks (Vitevitch, 2008).

192 J. CHEN AND H. CHANG



Results

Lexical networks of discourse production by PWA and healthy controls

First, we aggregated discourse production data and constructed lexical semantic networks 
for each task and each group (Figure 1). Visual inspection reveals that story narrative 
networks exhibited overall higher density and complexity than those of picture descriptions, 
which in turn displayed higher density and complexity than those of procedural discourse. 
There were also noticeable structural differences between PWA and control groups.

In order to formally compare different networks, we first calculated network measures, i.e. 
network size, density, diameter, for each participant and each task. Then these network 
properties were selected as dependent variables and each fitted with a separate linear mixed- 
effects model using the lme4 package (Bates et al., 2015) in (R Core Team, 2018). Participant 
groups (PWA versus healthy controls) and task types (picture description, story narrative, 
procedural discourse) were selected as fixed factors. Participants were specified as a random 
factor (intercept). Three models were built to test all the main effects and interactions. For each 
model, we used the Kenward-Roger degrees of freedom approximation (Halekoh & Hojsgaard,  
2014) to estimate p-values for the fixed effects of interest. Here, we report main effects for 
multilevel factors or interactions using F-tests via the Anova function from the car package (Fox 
& Weisberg, 2019) in R (see Table 2), rather than comparisons with the baseline level using 
t-tests. Thus, the reported main and interaction effects were averaged across all levels of the other 
effects.

There were significant main effects of the group, F(1, 154) = 155, p < 0.001 and task types 
F(2, 308) = 519, p < 0.001 for the network size. In addition, there was a group × task 
interaction, F(2, 308) = 129, p < 0.001. To further examine the main effects and the 
interaction, we ran pairwise multiple t-tests with Tukey adjustments. For the main effect 
of the group, lexical networks of healthy controls (M = 92.4, 95% CI [86.6, 98.1]) were larger 
than those of PWA (M = 40.9, 95% CI [35.2, 46.7]), β = 51.40, SE = 4.13, t(154) = 12.46, 
p < 0.001. For the main effect of task type, lexical networks of story narratives (M = 130.0, 95% 
CI [124.4, 135.7]) were larger than those of picture descriptions (M = 39.1, 95% CI [33.4, 44.7]), 
β = 90.99, SE = 3.42, t(308) = 26.6, p < 0.001, which in turn were larger than those of procedural 
discourse (M = 30.8, 95% CI [25.2, 36.4]), β = −8.23, SE = 3.42, t(308) = −2.41, p = 0.04. For the 
task type by group interaction, we report here the comparisons between two groups within the 
same task. It was found that lexical networks of healthy controls were larger than those of PWA 
for story narratives, β = 114.65, SE = 5.71, t(98) = −20.07, p < 0.01, and picture descriptions, 
β = 24.65, SE = 5.71, t(398) = 4.32, p < 0.01, but not for procedural discourse, β = 15.04, 
SE = 5.71, t(398) = 2.63, p = 0.09.

For the density of networks, we found significant main effects of group, F(1, 154) = 94, 
p < 0.001 and task type, F(2, 308) = 75, p < 0.001, but no group × task interaction. For the 
main effect of the group, lexical networks of healthy controls (M = 0.15, 95% CI [0.14, 0.16]) 
were less dense than those of PWA (M = 0.21, 95% CI [0.20, 0.22]), β = −0.06, SE = 0.006, t 
(154) = −9.69, p < 0.001. For the main effect of task type, the network density of story 
narratives (M = 0.13, 95% CI [0.12, 0.14]) was smaller than that of picture descriptions 
(M = 0.20, 95% CI [0.19, 0.21]), β = −0.06, SE = 0.007, t(308) = −8.72, p < 0.001, which in 
turn was smaller than that of procedural discourse (M = 0.22, 95% CI [0.21, 0.23]), β = 0.02, 
SE = 0.007, t(308) = 3.13, p = 0.005. These findings seemingly contradict the visual 
inspection of the group-level networks and need to be interpreted properly. First, the 
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Figure 1. Lexical networks of discourse production by PWA and healthy controls. Node size represents 
node degree.
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density of a graph is the ratio of the number of edges to the number of possible edges. Given 
that networks of participants in the control group were larger in size, their networks had 
a larger number of possible edges, which could make the overall density smaller. In other 
words, PWA produced small networks with highly related words at the individual level. 
Similarly, networks of story narratives were larger in size than those of picture descriptions 
and procedural discourse and thus also had a larger number of possible edges, rendering the 
overall network density smaller.

For the network diameters, there were significant main effects of the group, F(1, 154) =  
101, p < 0.001, and the task type, F(2, 308) = 80, p < 0.001. In addition, there was a group ×  
task interaction, F(2, 308) = 4, p = 0.02. For the main effect of the group, the network 
diameters of healthy controls (M = 7.09, 95% CI [6.83, 7.34]) were larger than those of 
PWA (M = 5.22, 95% CI [4.96, 5.48]), β = 1.87, SE = 0.19, t(154) = 10.06, p < 0.001. For the 
main effect of task type, the network diameters of story narratives (M = 7.20, 95% CI [6.93, 
7.47]) were larger than those of picture descriptions (M = 6.24, 95% CI [5.98, 6.51]), 
β = 0.96, SE = 0.17, t(308) = 5.51, p < 0.001, which in turn were larger than those of 
procedural discourse (M = 5.01, 95% CI [4.74, 5.28]), β = −1.23, SE = 0.17, t(308) = −7.10, 
p < 0.001. For the task type by group interaction, comparisons between two groups for the 
same task revealed that network diameters of healthy controls were larger than those of 
PWA for all three task types: the story narrative task (β = 1.50, SE = 0.27, t(430) = 5.49, 
p < 0.001), the picture description task (β = 2.44, SE = 0.27, t(430) = 8.92, p < 0.001) and the 
procedural description task (β = 1.67, SE = 0.27, t(430) = 6.10, p < 0.001).

Small-world properties of lexical networks

In order to compute small-world indices for different networks, we first built a reference 
random network with the same number of nodes and edges for each participant and each 
task. Then, we calculated the small-world indices as defined in the method section. The 
average small-world indices were all larger than 1 for both groups across different tasks, 
suggesting that their lexical networks were small-world networks (see Table 3).

The small-world indices were then fitted as the dependent variable for a linear 
mixed-effects model. Participant groups (PWA versus healthy controls) and task types 
(picture description, story narrative, procedural discourse) were selected as fixed factors. 
Participants were specified as a random factor (intercept).

There were no significant main effects of group nor task type in terms of small-world 
characteristics. However, there was a group × task two-way interaction, F(2, 303) = 5.9, 

Table 2. Sizes, density and diameters of lexical networks.
Size Density Diameter

Tasks Groups Mean SD Mean SD Mean SD

Story narratives Control 187.37 66.77 0.10 0.02 7.95 1.34
PWA 72.72 42.29 0.16 0.06 6.45 1.70

Picture description Control 51.39 25.07 0.16 0.03 7.46 1.60
PWA 26.73 17.44 0.23 0.12 5.03 1.87

Procedural discourse Control 38.35 16.29 0.19 0.04 5.85 2.10
PWA 23.31 13.83 0.24 0.08 4.18 1.52
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p = 0.003. To further examine the interaction, we ran pairwise multiple t-tests with Tukey 
adjustments. Comparisons between the two groups for the same task indicated that the 
small-world scores of healthy control networks were marginally significantly larger than 
those of PWA networks only in the story narrative task, β = 0.90, SE = 0.31, t(450) = 2.88, 
p = 0.047.

Modularity

In order to compute modularity measures for different networks, we first need to identify 
communities in the networks. We used four different methods for community detection 
and obtained modularity measures for each participant and each task as defined in the 
method section (Table 4). Then these modularity measures were each selected as dependent 
variables and fitted with a separate linear mixed-effects model. Participant groups and task 
types were selected as fixed factors. Participants were specified as a random factor 
(intercept).

There were significant main effects of group, F(1, 154) = 10, p = 0.001, and task type, F(2, 
308) = 12, p < 0.001 for the Infomap modularity of networks. In addition, there was 
a group × task interaction, F(2, 308) = 14, p < 0.001. For the main effect of the group, 
network Infomap modularity of healthy controls (M = 0.29, 95% CI [0.27, 0.31]) was larger 
than that of PWA (M = 0.25, 95% CI [0.23, 0.27]), β = 0.05, SE = 0.01, t(154) = 3.16, 
p = 0.002. For the main effect of task types, the network Infomap modularity of 
story narratives (M = 0.30, 95% CI [0.28, 0.33]) was larger than that of picture descriptions 
(M = 0.27, 95% CI [0.25, 0.29]), β = 0.04, SE = 0.01, t(308) = 2.91, p = 0.01, and that of 
procedural discourse (M = 0.24, 95% CI [0.22, 0.26]), β = 0.06, SE = 0.01, t(308) = 4.94, 
p < 0.001. For the task type by group interaction, comparisons between the two groups 

Table 4. Modularity measures for lexical networks in discourse production by persons with aphasia and 
healthy controls.

Infomap Louvain Walktrap Edge betweenness

M SD M SD M SD M SD

Story narratives Control 0.37 0.06 0.41 0.04 0.36 0.05 0.32 0.07
PWA 0.24 0.14 0.36 0.07 0.31 0.08 0.25 0.10

Picture description Control 0.28 0.12 0.36 0.06 0.31 0.08 0.28 0.10
PWA 0.25 0.18 0.35 0.13 0.31 0.14 0.28 0.17

Procedural discourse Control 0.23 0.11 0.31 0.07 0.26 0.08 0.24 0.09
PWA 0.25 0.15 0.33 0.10 0.29 0.12 0.27 0.14

Table 3. Small-world indices for lexical networks in discourse production by persons with aphasia and 
healthy controls.

Clustering Coefficient Average path length SWI

Tasks Groups M SD M SD M SD

Story narratives Control 0.50 0.03 2.80 0.18 3.71 0.53
PWA 0.51 0.06 2.51 0.36 2.81 0.81

Picture description Control 0.56 0.06 2.72 0.37 2.91 0.83
PWA 0.55 0.14 2.12 0.50 3.54 4.24

Procedural discourse Control 0.65 0.09 2.30 0.66 3.29 1.20
PWA 0.57 0.16 1.90 0.46 3.26 1.62
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for the same task revealed that network modularity of healthy controls was larger than that 
of PWA only in the story narrative task, β = 0.12, SE = 0.02, t(422) = 5.88, p < 0.001.

There were significant main effects of group, F(1, 154) = 5, p = 0.02 and task type, 
F(2, 308) = 24, p < 0.001 for the Louvain modularity. In addition, there was 
a group × task two-way interaction, F(2, 308) = 7, p = 0.001. For the main effect of 
the group, Louvain network modularity of healthy controls (M = 0.36, 95% CI [0.35, 
0.37]) was larger than that of PWA (M = 0.34, 95% CI [0.33, 0.36]), β = 0.02, 
SE = 0.01, t(154) = 2.28, p = 0.02. For the main effect of task types, the Louvain 
network modularity of story narratives (M = 0.38, 95% CI [0.37, 0.40]) was larger 
than that of picture descriptions (M = 0.35, 95% CI [0.34, 0.37]), β = 0.03, SE = 0.01, 
t(308) = 3.35, p = 0.003, which was in turn larger than that of procedural discourse, 
(M = 0.32, 95% CI [0.31, 0.33]), β = −0.03, SE = 0.01, t(308) = −3.58, p = 0.001. For the 
task type by group interaction, comparisons between two groups within the same 
task indicated that Louvain network modularity of healthy controls was larger 
than that of PWA only in the story narrative task, β = 0.05, SE = 0.01, 
t(460) = 3.98, p = 0.001.

For the Walktrap modularity of networks, there were no significant main effects 
of group but significant main effect of task type, F(2, 308) = 14, p < 0.001, and 
a group × task type interaction, F(2, 308) = 7, p < 0.001. For the main effect of task 
type, the Walktrap network modularity of story narratives (M = 0.33, 95% CI [0.32, 
0.35]) was marginally larger than that of picture descriptions (M = 0.31, 95% CI 
[0.29, 0.33]), β = 0.02, SE = 0.01, t(308) = 2.19, p = 0.07, which was in turn larger than 
that of procedural discourse (M = 0.28, 95% CI [0.26, 0.29]), β = −0.03, SE = 0.01, 
t(308) = −3.08, p = 0.006. For the task type by group interaction, comparisons 
between the two groups for the same task indicated that Walktrap network 
modularity of healthy controls was larger than that of PWA only in the story 
narrative task, β = 0.05, SE = 0.02, t(453) = 3.12, p = 0.02.

For the edge-betweenness modularity of networks, there was no main effect of 
group but a main effect of task type, F(2, 308) = 4, p = 0.02, and a group × task 
interaction, F(2, 308) = 10, p < 0.001. For the main effect of task types, 
edge-betweenness network modularity of story narratives (M = 0.28, 95% CI [0.27, 
0.30]) was comparable to that of picture descriptions (M = 0.28, 95% CI [0.26, 0.30]), 
but was larger than that of procedural discourse (M = 0.26, 95% CI [0.24, 0.27]), 
β = 0.03, SE = 0.01, t(308) = 2.56, p = 0.03. For the task type by group interaction, 
comparisons between the two groups for the same task indicated that 
edge-betweenness network modularity of healthy controls was larger than that of 
PWA only in the story narrative task, β = 0.07, SE = 0.02, t(417) = 3.58, p = 0.005.

In general, in networks with high modularity, such as those observed in healthy 
controls and in the story narrative task, words within the same semantic category or 
conceptual (topic) domain tend to cluster together to form modules or communities, 
and at the same time connections between words in different modules are relatively 
weak. This structural feature enhances the efficiency of information processing by 
facilitating the retrieval of semantically related words. Moreover, highly modular 
networks are more robust against disruptions because the strong within-module 
connections contain the spread of perturbations, limiting their impact on the overall 
network function.
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Scale free properties

To explore the degree distributions of lexical networks, we aggregated discourse 
production data for each task and fitted a group-level degree distribution for each 
task (Figure 2). To test whether the data follow a power law distribution, the 
Kolmogorov–Smirnov test was used, in which smaller scores indicate a better fit. The 

Figure 2. Group-level degree distribution for each task and group.
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p-values of the Kolmogorov–Smirnov tests indicated that all group-level networks 
approximately followed power-law distributions (Table 5).

Discussion

Our analysis revealed that PWA and healthy controls differed in the size, density, 
diameter, small-worldness, modularity and distribution of node degrees in their 
lexical networks built on discourse data. Task types also affected these network 
properties.

Impact of aphasia on lexical networks in discourse production

First, people who suffered from aphasia generally produced fewer words in discourse 
production, rendering their network smaller in size and shorter in diameter relative to 
healthy controls. This reflects that impairments caused by aphasia constrain the range of 
vocabulary PWA can use in discourse production, consistent with previous research on 
linguistic productivity (Fergadiotis & Wright, 2011) and core lexicons (Chen & Chang,  
2024; Dalton & Richardson, 2015). Higher density was observed in the individual PWA 
networks compared to those of healthy controls. Rather than indicating stronger semantic 
associations, this pattern may instead be a by-product of constrained production, with 
PWA relying on a semantically interconnected but limited set of words.

Second, although language impairments affected the size and diameter of lexical 
networks in discourse production, PWA networks still exhibited small-world characteristics 
in all tasks. Small-world networks characterised by short path lengths and high clustering 
coefficients are known for their efficiency in information processing. Small-worldness is 
considered central to typical language networks in the previous research (Cancho & Solé,  
2001; Cong & Liu, 2014; Ferrer i Cancho et al., 2004; Liu & Hu, 2008). From 
a developmental perspective, language networks of children around the age of two show 
a transition in syntactic dependency relations characterised by a reduction in the average 
path length and an increase in clustering coefficient, i.e. the formation of a small-world 
network (Corominas-Murtra et al., 2010). Thus, we argue that although brain impairments 
affect the size and diameter of lexical networks, the observed preservation of small-world 
characteristics reflects compensatory mechanisms or adaptive strategies employed by the 
brain to overcome the challenges posed by aphasia. In other words, the language system of 
PWA demonstrates resilience in the face of linguistic deficits and maintains some basic level 
of efficiency in verbal communication. Nonetheless, PWA networks did display less 
small-worldness relative to those of the control group in the story narrative task. This is 

Table 5. Kolmogorov–Smirnov test results of degree distribution of nodes in lexical 
networks of PWA and healthy controls.

Tasks Groups Kolmogorov–Smirnov scores p

Story narratives PWA 0.010 1.0
Control 0.057 0.2

Picture description PWA 0.078 1.0
Control 0.073 1.0

Procedural discourse PWA 0.014 1.0
Control 0.037 1.0
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consistent with the finding that children with language delays showed less small-world 
characteristics in their language networks compared to typically developing children 
(Beckage et al., 2011).

Furthermore, studies have also showed reduced small-worldness for brain networks of 
individuals with neurodegenerative diseases, such as Alzheimer’s disease (Dai et al., 2019) 
or acute brain injuries, such as traumatic brain injury (Pandit et al., 2013). The convergence 
of evidence from both language and brain network studies highlights the intricate 
relationship between neural architecture and language processing and production. This has 
broader implications for understanding language-related disorders and cognitive deficits.

Third, the analysis of modularity of networks indicated systematic variations in network 
organisation across different participant groups. Specifically, healthy controls exhibited 
larger modularity in their lexical networks compared to PWA. Highly modular networks 
are characterised by strong within-module connections and weak between-module 
connections, facilitating efficient information processing, robustness against perturbations 
and specialisation of function within modules, as observed in networks of the control group. 
Conversely, low modularity may indicate a more homogeneous network structure with 
fewer distinct communities, potentially leading to less efficient information flow and 
reduced resilience to disruptions in the PWA networks.

Fourth, both PWA and controls exhibited scale-free properties in the distribution of node 
degrees in their lexical networks. In a scale-free network, there exists a small number of highly 
connected nodes with high degrees, known as hubs, alongside other nodes with low degrees. 
These hubs play a crucial role in reducing path lengths within the network, facilitating efficient 
information transfer and communication across the system. Many language networks were also 
found to be scale-free at lexical (Sigman & Cecchi, 2002) or syntactic levels (Cancho & Solé,  
2001; Cong & Liu, 2014; Corominas-Murtra et al., 2010; Ferrer i Cancho et al., 2004; H. Liu & 
Hu, 2008), though phonological networks (Vitevitch, 2008) did not display this characteristic.

Impact of task types

Lexical networks built on story narrative data were generally larger in size, diameter, higher 
in modularity scores but lower in density than those of picture descriptions, which in turn 
exhibited larger size and diameter and higher modularity but lower density compared to 
procedural discourse, suggesting that linguistic properties of discourse production are 
affected by task types. According to the Triadic Componential Framework (Robinson & 
Gilabert, 2007), the task type effect could be attributed to two dimensions of task 
complexity, i.e. resource-directing and resource-dispersing.

The story narrative task in the present study involves reasoning about causal events and 
relations, which is the resource-directing dimension. For example, Cinderella was able to attend 
the ball due to her fairy godmother’s intervention. The picture description of the Broken Window 
also involves some reasoning about causal events. For example, a boy was kicking a ball, and the 
ball broke a window. Thus, participants need to infer causal relationships between these events. 
The procedural description of making a sandwich does not involve much reasoning about causal 
events, although there is a temporal relation among the steps required to assemble a sandwich.

Moreover, the three tasks also differ in the amount of reasoning involved about people’s 
intentions, beliefs and desires. The story narrative task requires extensive reasoning about 
characters’ internal states, as these motivations drive the plot forward. For instance, 
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understanding the stepmother’s jealousy motivates her mistreatment of Cinderella. The 
picture description task involves less reasoning about intentions and beliefs relative to the 
story narrative task. The procedural discourse task demands primarily an objective 
description. We speculate that the storytelling task elicited a greater amount of discourse 
production (as revealed by the larger network size) and allowed speakers to exploit more of 
their lexical resources (as revealed by the larger network diameter) to express causal 
relationships and intentionality (forming different modules within the network) relative 
to picture and procedure description tasks.

In contrast to resource-directing variables, resource-dispersing variables refer to the 
performative demands of a task, such as planning time or background knowledge. The picture 
description task directly supplied the background knowledge necessary for the task, whereas 
storytelling and procedural description tasks offered limited background information. 
Consequently, speakers may rely more on their existing knowledge of the story and the 
procedure to fulfil the tasks. In this sense, the storytelling task is more demanding in the 
resource-dispersing dimension than the picture description task and at the same time requires 
more information (such as relative time, spatial location and causal relationships) than both 
picture and procedural description tasks in the resource-directing dimension. This explains 
why PWA displayed deviations from controls in terms of network efficiency measures, such as 
small-worldness and modularity scores, only in the story narrative task. In other words, PWA 
struggle with the storytelling task which has high cognitive and memory demands. Thus, they 
showed less effective use of their lexical resources, reflected in reduced network efficiency 
relative to control participants. These findings underscore the importance of considering task 
complexity in understanding the network dynamics of aphasic discourse production.

Conclusions

Our study provides valuable insights into lexical networks built on discourse data produced 
by PWA and healthy controls. PWA networks showed smaller size, diameter and lower 
modularity but higher density compared to healthy controls, suggesting that lexical networks 
of PWA discourse were impaired, constrained and less efficient. Nonetheless, their remaining 
vocabulary in the discourse was still closely interconnected. Despite these differences, 
networks of both groups exhibited small-world characteristics, albeit to a lesser extent in 
PWA networks and displayed scale-free properties in the distribution of node degrees. The 
storytelling task is cognitively more demanding than both picture and procedural description 
tasks and is more revealing in detecting network differences between PWA and healthy 
controls. Overall, our findings contribute to a deeper understanding of the dynamics between 
language impairments and task demands in aphasic discourse production.
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