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Abstract 

Stroke produces widespread disturbances in whole-brain organisation, yet the mechanisms through 

which focal lesions alter functional connectivity and how structurally intact regions reorganise remain 

incompletely understood. Connectivity gradients provide a framework for characterising macroscale 

functional architecture, capturing continuous axes of organisation that extend beyond discrete network 

boundaries. This thesis examines how stroke affects these gradients and evaluates whether gradient 

changes explain variation in post-stroke cognition. The thesis also explores the use of structural 

imaging for modelling post-stroke functional reorganisation, assessing its value in contexts where 

resting-state fMRI is not routinely obtained in clinical settings. This work draws on two chronic 

stroke cohorts: a group of individuals with semantic aphasia and a subset of the PLORAS dataset. 

Resting-state fMRI from both cohorts (mean post-stroke interval > 4 years) was used to characterise 

long-term functional changes. First, in semantic aphasia, lesion information from structural MRI was 

used to model the direct effects of stroke in connectivity space and to test whether simulated post-

stroke gradients predicted semantic control impairments. Second, connectivity gradient reorganisation 

was characterised in the PLORAS cohort to determine whether large-scale organisational changes in 

the unlesioned cortex were linked to language outcomes. Third, an iterative propagation simulation 

model was evaluated, capturing direct and indirect effects of stroke across the cortex, and tested to 

determine whether gradient–behaviour associations observed in the simulations were reflected in 

empirical stroke gradients. Across the three empirical studies, the thesis demonstrates that stroke 

consistently attenuates the brain's principal connectivity gradient axes, reducing differentiation 

between transmodal and unimodal systems, visual and motor networks, and control-default mode 

regions. In semantic aphasia, lesion-based simulations reproduced the empirically observed 

reorganisation moderately well, particularly along the transmodal–unimodal axis. These simulations 

revealed that shifts of the left inferior frontal gyrus toward a more unimodal connectivity profile were 

associated with poorer semantic control, highlighting how altered embedding within large-scale 

hierarchies contributes to semantic deficits. In the larger and more diverse PLORAS cohort, 

distributed reorganisation of connectivity gradients in the unlesioned cortex explained language 

outcomes beyond the effects of focal lesions. Shifts along the control-default mode axis, particularly 

within the left inferior frontal gyrus, were associated with better speech but poorer writing 

performance. The final study showed that iterative propagation simulations improved correspondence 

with empirical gradients, especially for the visual-motor axis. One replicated finding was that a shift 

of the right inferior frontal gyrus toward the motor end of the visual–motor axis was associated with 

better phonology and working memory. Together, these findings show that connectivity gradients 

provide a low-dimensional, clinically informative framework for understanding how focal lesions and 

distributed reorganisation shape post-stroke cognition. They also highlight the current potential and 

limitations of structural imaging-based simulations for modelling post-stroke functional 

reorganisation.  
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Chapter 1 

Literature review 

1.1.  Introduction: Stroke as a Network Disorder 

 

Stroke was initially viewed as a focal disease: damage to a specific brain region was thought to 

produce a corresponding deficit associated with that location. This view originated from Paul Broca’s 

influential work showing that lesions in the left inferior prefrontal cortex (LIPC) and neighbouring 

regions cause non‑fluent speech in stroke patients (Broca, 1861a; Gajardo‑Vidal et al., 2021). Over 

time, this view has changed. Stroke causes damage to focal brain regions, but also global functional 

and structural network perturbations that emerge along anatomical pathways, from the cortex to 

subcortical regions, the brainstem, and the spinal cord (Latifi & Carmichael, 2024). This disruption 

reflects both the primary injury to local neural tissue and alterations in brain networks that are 

spatially and temporally remote from the lesion (Shi et al., 2019). Brain regions that are directly and 

indirectly affected by stroke are embedded within functional networks that maintain dynamic balance 

through synchronised interactions with other networks (Siegel et al., 2016). This interconnected 

framework explains how a lesion in a specific brain location can affect neurological functions far 

beyond the focal lesion site (Corbetta, 2012). The widespread effects of stroke at the whole‑brain 

level are now conceptualised as a ‘disconnectome’ (Latifi & Carmichael, 2024) or network disorder 

(Esser et al., 2025).  A recent study provided evidence consistent with this interpretation by showing 

the mechanisms underpinning whole-brain network disruption: Wu et al. (2025) showed that 

stroke-induced white-matter disconnections provide the neuroanatomical basis linking widespread 

functional connectivity disruptions to behavioural impairment. 

Over 130 years ago, von Monakow proposed the concept of diaschisis, which served as a 

prelude to the network dysfunction framework. Diaschisis originally referred to a distant loss of 

excitability and changes in energy metabolism, or ‘functional stillstand’, in regions remote from the 

lesion (von Monakow, 1914). Modern neuroimaging has expanded this concept to show that 

post‑stroke injury and repair extend well beyond the lesion site, triggering imbalances in networks 

connected to the stroke core. Damage‑related signals spread across these networks and establish new 

connections in distant regions (Carmichael, 2015). The hemispheric engagement and disengagement 

pattern provides supporting evidence for whole‑brain functional organisational change. Stroke results 

in an abnormal increase in asymmetrical hemispheric connections, characterised by decreased 

interhemispheric connectivity and increased intra‑hemispheric connectivity between networks that are 
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normally more modular (Carter et al., 2010; Ramsey et al., 2016; Frías et al., 2018). These 

hemispheric functional changes are associated with dysfunction across multiple domains (Siegel et al., 

2016). These broad effects explain why behavioural impairments are not strictly tied to lesion 

location, a pattern consistent with diaschisis (Carrera & Tononi, 2014).  

 

1.2.  Whole‑brain network disruption and post‑stroke behavioural impairments 

Stroke produces behavioural impairments that extend beyond the anatomical boundaries of the lesion. 

This section focuses on how disruption of distributed brain networks contributes to post-stroke 

dysfunction across multiple domains. Rather than considering recovery or compensatory mechanisms, 

the emphasis here is on the immediate consequences of network disruption and on how alterations 

within and between large-scale systems give rise to the diverse cognitive, language, and motor 

impairments observed after stroke. 

1.2.1 Distributed organisation of cognitive function 

Stroke affects multiple domains, including executive function, motor control, language, memory, 

visuospatial skills, visuoconstruction, attention, and global cognitive function (Melkas et al., 2014). 

The co‑occurrence of multiple impairments and their varying levels of severity suggest that this 

complexity cannot be attributed solely to the lesion site; rather, it reflects widespread functional 

disruptions both within and between networks (Wu et al., 2025). These deficits can be explained by 

the view that cognitive functions emerge from the topology of the whole-brain rather than from 

isolated regions behaving as autonomous modules (Bullmore & Sporns, 2009; Sporns et al., 2005). 

Several “rich‑club” regions (e.g., the precuneus, superior frontal cortex, and superior parietal cortex) 

are characterised as high‑degree nodes that are densely interconnected and facilitate high‑level 

information transfer across the global network (van den Heuvel & Sporns, 2011). These regions are 

not limited to a single specific task; instead, they function as integrators that allow information to flow 

between otherwise segregated subdomains, thereby conferring robustness to the system (van den 

Heuvel & Sporns, 2011). One such example is Broca’s area, which does not function as a simple 

speech‑production unit but is involved in drawing representational inputs from the temporal cortex 

(semantic store) to their corresponding articulatory outputs in the motor cortex, thereby coordinating 

information transfer across large‑scale networks (Flinker et al., 2015). This intrinsic architecture 

explains why a lesion at a specific site can cause multifaceted deficits that are not tied to the physical 

location of the damage. 

1.2.2. Aphasia as a disorder of language and domain‑general control 

Post-stroke aphasia illustrates the interconnected network paradigm, affecting subdomains of 

language including phonological, morphological, semantic, syntactic, and speech processes (Sheppard 
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& Sebastian, 2020) and non-language cognitive domains such as attention, thinking, memory, and 

executive functions (Sheppard & Sebastian, 2020; Ivanova et al., 2015; Kuptsova et al., 2021; 

Murray, 2012). Most aphasia patients present with some level of impairment in comprehension, 

speech production, reading, and writing (Sheppard & Sebastian, 2020). Language is a complex 

function that requires interaction between multiple brain regions (Fedorenko & Thompson-Schill, 

2014; Hagoort, 2019). 

Hickok and Poeppel (2004) proposed a framework explaining how ventral and dorsal streams 

support different language functions. The cortical language system divides into two processing 

streams: a ventral stream linked to mapping sound onto meaning, and a dorsal stream supporting the 

mapping of sound onto articulatory-motor representations. The ventral pathway runs ventrolaterally 

toward the posterior inferior temporal region, serving as an interface between the superior temporal 

gyrus involved in sound-based representations and distributed conceptual representations. The dorsal 

pathway runs dorsoposteriorly toward a region in the posterior Sylvian fissure at the parietal–temporal 

border and connects to frontal regions, forming a network involved in auditory and motor 

representations of speech. These two streams interact with each other (Saur, 2024). A study 

examining the neuroanatomical basis of the dual streams using diffusion tensor imaging and fMRI 

found that the dorsal stream connecting the superior temporal lobe and premotor cortex through the 

arcuate and superior longitudinal fasciculi subserves speech repetition, whereas a ventral stream 

connecting the middle temporal lobe and ventrolateral prefrontal cortex through the extreme capsule 

supports higher-level language comprehension (Saur et al., 2008). To further expand on the dorsal 

pathway, posterior temporo-parietal cortex contributes to lexical, semantic, and phonological 

processing, and this information is passed to the inferior frontal gyrus via the arcuate fasciculus, 

where phonological information is converted into articulatory codes for motor output (Hickok et al., 

2011). 

However, language function is also supported by regions beyond the dorsal and ventral 

pathways. Core regions of the language network include lateral frontal and temporal areas, while the 

extended language network includes homotopic regions in the non-dominant hemisphere, midline 

cortical regions, the ventral temporal surface, and subcortical and cerebellar structures (Fedorenko et 

al., 2020). These observations indicate that language function relies on a widely distributed network 

architecture. The presentation of aphasia symptoms varies from patient to patient (Marinelli et al., 

2017). Lesions affecting Broca's and Wernicke's areas do not always cause language dysfunction, and 

comprehension and speech impairments can arise from lesions affecting other brain regions (Blank et 

al., 2002; Price et al., 2010; Schäffler et al., 1993). For clinical purposes, aphasia is classified into 

non-fluent and fluent variants. In fluent aphasia, speech remains fluent but difficulties in 

comprehension, naming, and repetition are observed, whereas in non-fluent aphasia, speech 

production is effortful and reduced in phrase length and words per minute (Clough & Gordon, 2020). 
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However, both variants show anomia, a deficit in retrieving words for people, objects, and actions 

(Kristinsson et al., 2021). A recent study reported that naming difficulties in aphasia were associated 

with white-matter disconnection within the ventral and dorsal language pathways, while executive 

dysfunction was associated with white-matter disconnection within executive networks. Difficulties in 

reading, naming, and repetition were associated with lesions affecting the left inferior frontal gyrus, 

superior temporal gyrus, and Heschl’s gyrus (Døli et al., 2021). A plausible interpretation is that 

speech impairments can arise from lesions affecting both white- and grey-matter regions. 

Aphasia often involves varying degrees of damage in the language network and 

domain-general networks, subsequently affecting language domains such as phonology, semantics, 

and syntax, with impairments at different lexical levels (Wilson & Hula, 2019). A recent study 

examined structural and functional coupling in post-stroke aphasia and found decreases in 

whole-brain structural and functional coupling, and decoupling in the limbic network, default mode 

network, somatomotor network, and frontoparietal network, suggesting the involvement of multiple 

systems in language (Xu et al., 2026). Overall, this evidence indicates that post-stroke aphasia is 

associated with widespread, whole-brain disruption. 

Executive dysfunctions often generate cascading effects on other functional domains (e.g., 

language, semantic cognition, and motor) (Tarantino et al., 2021). In aphasia patients, executive 

impairments are frequently observed, and a possible explanation for the co-occurrence of these 

deficits is that language and executive functions depend, to a certain extent, on overlapping neural 

substrates (Murray, 2012; Olsson et al., 2019). Language abilities in aphasia can be strongly linked 

with linguistic and non-linguistic executive control (Obermeyer et al., 2019; Olsson et al., 2019; 

Jefferies & Lambon Ralph, 2006). Several studies have identified executive control problems in 

aphasia, manifested as difficulties in inhibition, working memory, or cognitive flexibility (Jefferies et 

al., 2008; Schumacher et al., 2019; Vallila-Rohter & Kiran, 2012). All the evidence above implies a 

tight coupling between the language and executive control systems (Meier et al., 2022). 

1.2.3.  Executive dysfunction and frontoparietal control systems 

Executive impairments are classically associated with lesions to the frontal lobes (Funahashi & 

Andreau, 2013). The prefrontal cortex supports a broad set of executive functions, including planning, 

organising, problem solving, multitasking, cognitive control, inhibition, switching, and monitoring 

(Veldsman et al., 2020). These functions are driven by working-memory mechanisms, in which 

attention and memory are controlled and coordinated by a central executive system (Baddeley & 

Hitch, 1974). Several studies show that damage to the dorsolateral prefrontal cortex leads to deficits in 

working memory, attention, and executive control (Badre et al., 2009; Godbout et al., 2005; 

Thompson-Schill et al., 2002; Voytek et al., 2010). These impairments frequently co-occur because 

they rely on a common frontoparietal network (Marek & Dosenbach, 2018). The frontoparietal 
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network, formed by the dorsolateral prefrontal cortex and posterior parietal cortex (Seeley et al., 

2007), acts as a flexible hub for goal-directed behaviour (Cole et al., 2013). The frontoparietal 

network (FPN) and salience network (SN) typically operate together during cognitively demanding 

tasks (Chen et al., 2013; Vanhaudenhuyse et al., 2011). Both networks show task-dependent 

anticorrelation with the default-mode network (DMN), which supports internally oriented processes. 

The SN plays a critical role in initiating the transition from DMN-dominated states to FPN 

engagement for external events (Menon, 2011; Braunlich et al., 2014). Because these networks work 

in tandem, lesions affecting the prefrontal cortex can disrupt the coordinated functioning of the SN 

and FPN. 

In addition, working memory and spatial attention are supported by partially overlapping 

brain networks (intraparietal sulcus, ventral precentral sulcus, supplementary motor area, and right 

insula), indicating that these domains share common cognitive mechanisms involved in the dynamic 

allocation of attentional resources (Labar et al., 1999). This complex network architecture provides a 

mechanistic explanation for the co-occurrence of attention, working memory, and executive 

impairments commonly observed after stroke. Notably, executive dysfunction is not restricted to 

prefrontal lesions. Damage to the mediodorsal thalamus or basal ganglia can also elicit attention and 

executive deficits (Van Der Werf et al., 2003; Obayashi, 2021; Ye et al., 2022; Zuo et al., 2023; Wolff 

& Halassa, 2024). The prefrontal cortex has strong reciprocal connections with the mediodorsal 

thalamus (Wolff & Halassa, 2024), and it also participates in prefrontal–basal ganglia–thalamus 

circuits that support sensory gating and the selection of relevant inputs over distractors. This circuitry 

enhances sensory discrimination and supports goal‑directed behaviour through noise suppression 

(Nakajima et al., 2019; Wimmer et al., 2015). Together, these findings show that executive 

dysfunction arises from disruption of distributed brain networks rather than damage to a single 

cortical structure. 

1.2.4.  Semantic aphasia and the semantic control network 

Semantic aphasia provides another clear example of how control impairments lead to difficulties with 

language and semantic tasks after stroke. Patients with semantic aphasia have difficulty retrieving 

conceptual information in a flexible, adaptable, and context-specific manner, a deficit referred to as 

impaired semantic control (Jefferies and Lambon Ralph, 2006). Head (1926) used the term semantic 

aphasia to describe two way difficulties in comprehension and naming in patients injured in war. 

Later, Jefferies and Lambon Ralph (2006) expanded the definition to describe patients who show 

deregulated semantic cognition while preserving semantic knowledge, resulting in difficulty accessing 

semantic control following left hemisphere stroke. These problems arise as difficulty in flexibly 

retrieving concepts appropriate for a given task or context. These patients show varying levels of 

performance across tasks, which does not depend on the items themselves but instead on the level of 

control required (Jefferies and Lambon Ralph, 2006). Diverse characteristics have been noted in these 
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patients. They may find it difficult to inhibit highly relevant but inappropriate information for the task 

(Hallam et al., 2016), to choose among competing items when a target and highly related distractors 

are presented (Saygin et al., 2003), and to sustain focus on the goal of a task, particularly when this 

goal changes during the task (Thompson et al., 2015). Semantic control difficulties are observed 

across modalities, including verbal and non-verbal tasks such as picture, sound, and action 

understanding. These semantic retrieval difficulties are multimodal in nature, affecting both language 

and non-verbal behaviour (Thompson and Jefferies, 2013). However, the semantic knowledge store in 

the anterior temporal lobes is largely spared in these patients (Jefferies, 2013). 

Semantic aphasia typically results from stroke affecting the left inferior frontal or 

temporoparietal regions (Jefferies and Lambon Ralph, 2006). Semantic cognition relies on 

interactions between the anterior temporal cortex, which supports conceptual representation, and two 

networks occupying adjacent cortical regions that guide controlled semantic retrieval (Wang et al., 

2024): the semantic control network and the multiple demand network. The multiple demand network, 

including bilateral inferior frontal sulcus and intraparietal cortex, responds to domain general 

executive demands (Duncan, 2010; Fedorenko et al., 2013). The semantic control network, which 

partially overlaps with both the multiple demand network and the default mode network, includes the 

left inferior frontal gyrus, posterior temporal cortex and dorsomedial prefrontal cortex, and supports 

flexible, context-dependent semantic retrieval (Jackson, 2021; Noonan et al., 2013). Since people with 

semantic aphasia typically have damage affecting regions at the intersection of the multiple demand 

network and the semantic control network, they often present with both semantic and non-semantic 

control deficits. However, these patterns of impairment are associated with different patterns of 

disconnection: between left inferior frontal gyrus and posterior temporal areas for semantic control, 

and between left and right prefrontal regions for domain general aspects of executive control (Souter 

et al., 2022). In summary, semantic aphasia disrupts the coordinated engagement of the semantic 

control network with multiple demand and default mode network regions, leading to impaired 

semantic control and multimodal semantic deficits (Hallam et al., 2018; Hallam et al., 2016). 

1.2.5.  Neglect as a large-scale attention network disorder 

Neglect is another example of stroke‑induced brain network disruption (Bartolomeo et al., 2007) that 

results in various forms of spatial impairment and affects multiple cognitive domains (Zebhauser et 

al., 2019). Neglect refers to the inability to perceive, respond to, or direct attention toward meaningful 

stimuli presented in the space opposite to the lesion site (Li & Malhotra, 2015). It is a highly 

heterogeneous syndrome that can manifest as sensory, motor, or representational neglect, occurring 

within egocentric (body‑centred) or allocentric (object‑centred) reference frames (Zebhauser et al., 

2019). Although neglect most commonly follows right hemisphere lesions, particularly in the right 

posterior parietal cortex, damage to the left hemisphere, thalamus, basal ganglia (Sperber et al., 2025), 

and cerebellum can also produce neglect (Moore et al., 2021). Visuospatial neglect is the most 
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frequently observed subtype, reflecting impaired allocation of attention toward visual stimuli in 

contralesional space (Chechlacz et al., 2012; Moore et al., 2021). This form of neglect strongly 

influences motor recovery, mobility, balance, and postural control (Embrechts et al., 2021), as well as 

language‑related behaviours such as reading and writing (Gajardo‑Vidal et al., 2018).  

Just as the anterior temporal lobe functions as a semantic hub that integrates information from 

various sensory modalities to form coherent conceptual representations, the posterior parietal cortex 

integrates multimodal input to support spatial representations and spatial cognition (Cohen & 

Andersen, 2004; Husain & Nachev, 2007). It is functionally connected with the frontal eye fields—

regions in the prefrontal cortex involved in attention and eye movements toward external targets 

(Zhang et al., 2022). Spatial cognition and attention are driven by the frontoparietal network, 

including the frontal eye fields and the posterior parietal cortex for spatial attention, and by the 

right‑lateralised ventral frontoparietal network, which mediates reactions to unexpected events or 

stimuli through spatial control mechanisms (Corbetta & Shulman, 2011). Disruption of these 

frontoparietal–cingulate networks explains why neglect is multimodal (Mesulam, 2002) and why it 

can arise from lesions both within and beyond the parietal cortex. 

1.2.6.  Sensorimotor disconnection and motor–cognitive coupling 

Sensorimotor impairments experienced after stroke are a classic example of neural disconnection. 

Stroke can affect movement control of the face, arm, and leg on the contralateral side of the body 

(Einstad et al., 2021) and frequently causes somatosensory disturbances in light touch, pain, and 

proprioception, which are closely linked with motor deficits (Kessner et al., 2019; Semrau et al., 

2015). These impairments reflect the fact that controlled movement depends on coordinated 

interactions between sensory and motor systems, and this sensorimotor integration occurs across 

multiple levels of the nervous system, including the thalamus, basal ganglia, cerebellum, and several 

cortical regions (Asan et al., 2022). This also means that the primary motor cortex is not the sole 

structure governing motor control. Motor behaviour relies on somatosensory cortices and the sensory 

thalamus for processing somatosensory input, as well as secondary motor regions such as the 

supplementary motor area and premotor cortex, which integrate sensory information to guide 

movement (Nudo et al., 1996). Lesions affecting pathways between these structures, or 

disconnections involving non-sensorimotor regions, have been consistently linked to motor 

impairments (Esser et al., 2025). 

Motor impairments after stroke are also associated with deficits in executive, attentional, and 

language functions, highlighting the interdependence between motor and cognitive systems (Schwarz 

et al., 2026). Motor and language functions share overlapping neural networks, with pathways centred 

around Broca’s area playing a key role in both movement and language fluency (Saber-Moghadam et 

al., 2024). Neuroimaging studies indicate that motor-related regions are implicated in action-related 
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language comprehension, such that sensorimotor systems engaged during real-world actions may also 

become active when processing language that describes those actions (e.g., “throw a ball”; Desai et 

al., 2009; Ahrens et al., 2022). Motor learning requires controlled cognition to adapt movements to 

changing task demands and environmental conditions, involving sensory integration, interpretation, 

response selection (executive function), sustained attention (Wulf et al., 2001), and memory (Rajda et 

al., 2025). Evidence also links the default mode network (DMN) with motor learning in both stroke 

and neurotypical populations (Dahms et al., 2024; Rezaei et al., 2025), further demonstrating that 

motor behaviour engages distributed neural systems beyond classical motor pathways. Taken 

together, this evidence points to the broader conclusion that stroke induces whole‑brain disruption, 

with effects extending far beyond the focal lesion to influence motor, sensory, cognitive, and language 

domains. This pattern is thought to reflect the distributed and interconnected nature of the neural 

systems that support behaviour. Stroke interrupts this network architecture, producing multiple 

co‑occurring impairments that cannot be explained by the lesion site alone. Building on this, the next 

section will examine post‑stroke functional reorganisation and consider how these network‑level 

changes shape behavioural outcomes. 

 

1.3.  Reorganisation after stroke and its role in behaviour 

Although stroke initially disrupts large-scale brain networks, these disturbances are not confined to 

the anatomical boundaries of the lesion. Surviving regions and networks undergo structural and 

functional reorganisation that can either support recovery or contribute to persistent impairments. This 

section examines evidence for post-stroke reorganisation and considers how dynamic changes in 

network interactions influence behavioural outcomes over time. 

Spontaneous reorganisation refers to the brain’s innate ability to adapt and improve cognitive 

and emotional functions affected by stroke (Fang et al., 2025). These changes emerge over weeks to 

months, particularly in regions neighbouring the infarct and in networks connected to it (Regenhardt 

et al., 2020). These changes are interrelated and occur at both the structural levels, which include 

molecular, cellular and tissue processes, and the functional levels, which include excitability, cortical 

maps and networks (Pascual-Leone et al., 2005; Cui et al., 2023). Functionally, spontaneous 

reorganisation involves processes such as synaptogenesis and is driven by surviving neural networks 

attempting to compensate for functions lost due to tissue damage, as described by Campos and 

colleagues in 2023. Recent studies show that stroke-induced network disruptions can be partially 

offset through the formation of new connectivity patterns (Fang et al., 2025; Latifi and Carmichael, 

2024; Olafson et al., 2021). This rewiring process is conceptually aligned with the remapping 

hypothesis, which originated from the theory of vicariation, proposed in the late nineteenth century, 

stating that after focal injury a surviving part of the brain reorganises and subsumes the lost functions 
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of the damaged tissue (Finger, 2009). With the application of modern neuroimaging techniques, this 

theory has been expanded to the idea that spared neural tissue in adjacent areas, or in regions 

functionally related to the lesion, may change its activity to take on the role of the damaged tissue 

(Murphy & Corbett, 2009), and several patterns of reorganisation have been observed (Saur et al., 

2006). Patterns of reorganisation following stroke have been associated with both recovery and 

persistent impairments (Campos et al., 2023). Surviving neurons reorganise their connectivity patterns 

by either supporting partial restoration or providing compensatory substitution for lost functions, 

although these mechanisms are interrelated (Jones & Adkins, 2015). Peri‑infarct regions are strongly 

engaged in remapping because the neurons and circuits within them share similar functional 

properties or long‑range connectivity with the lesioned core (Campos et al., 2023). Examples of 

peri‑infarct regions involved in rewiring have been observed in language and motor recovery. In 

middle cerebral artery infarcts, primary motor cortex activation decreases, while activity in premotor 

or parietal regions increases depending on infarct location and size (Fridman et al., 2004). Increased 

activation has been noted in premotor regions such as the dorsal premotor cortex, ventral premotor 

cortex, and the supplementary motor area (Dimyan & Cohen, 2011). These are neighbouring regions 

of the primary motor cortex and assume previously subserved functions, resulting in adaptive motor 

change through parallel descending tracts (Falaschi et al., 2025; Pineiro et al., 2001). 

In relation to language recovery, although perilesional tissue and homologue language regions 

have been shown to upregulate the undamaged language network, left‑hemispheric infarcts, 

particularly those affecting language show another pattern of functional reorganisation (Crinion & 

Price, 2005; Leff et al., 2002; Saur et al., 2006; Stockert et al., 2020). A recent longitudinal study on 

post‑stroke language recovery noted distinct patterns of functional reorganisation, particularly in 

regions within and across the language and multiple‑demand networks (Jiang et al., 2025). These 

patterns were observed in left‑hemispheric infarcts with lesions either in frontal or temporoparietal 

regions (Jiang et al., 2025). For large lesions, right‑hemisphere homologues and bilateral 

domain‑general areas supported language functions. These findings imply that remapping of 

perilesional areas is one pattern of reorganisation but not a generalisable phenomenon across all 

stroke types or levels of impairment. There is evidence against the view that peri‑infarct remapping 

alone drives recovery. Long‑range functional connectivity involved in remodelling and driving shifts 

in large‑scale topology at the network level jointly contributes to cognitive recovery (Bonkhoff et al., 

2021; Corbetta et al., 2015).  

Right‑hemispheric infarct patients within three months of stroke showed reduced 

intrahemispheric functional connectivity between anterior and posterior regions in the right 

hemisphere, and this reduction was associated with working‑memory deficits (Marti et al., 2025). In 

contrast, increased interhemispheric functional connectivity between the right middle and inferior 

frontal gyri and contralateral parietal regions was associated with better performance on 
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working‑memory tasks (Marti et al., 2025). This study is an example of compensatory engagement of 

the intact hemisphere. The engagement of contralesional activation is mediated through callosal 

projections, which drive functional rebuilding (Carter et al., 2010). Functional reorganisation linked 

with visuospatial neglect and upper‑limb motor recovery in right‑hemispheric stroke shows a 

contrasting pattern within four weeks of stroke. Carter et al. (2010) noted an opposite trend, where 

interhemispheric functional connectivity disruption between homologues of the dorsal attention 

network was associated with visuospatial neglect. A similar pattern was noted in the motor system, 

where loss of interhemispheric functional connectivity in the somatomotor network correlated with 

upper‑extremity impairment. The default mode network (DMN) shows another pattern of functional 

reorganisation in different phases of stroke. In right‑hemispheric infarcts, reduced connectivity in 

DMN regions such as the posterior cingulate cortex, precuneus, medial frontal gyrus, and inferior 

parietal lobes has been observed one month after stroke (Park et al., 2014). DMN connectivity in these 

brain areas was almost restored to normal levels three months after stroke. Another striking 

observation was that dorsolateral prefrontal cortex connectivity with the DMN in the contralesional 

hemisphere was strongly associated with cognitive function recovery (Park et al., 2014). This suggests 

long‑range compensatory functional reorganisation. 

All these findings indicate that functional reorganisation after stroke is a dynamic process. 

The changes are associated with cognitive processes that can either support or impair recovery. 

Post‑stroke recovery follows a non‑linear trajectory, with patients regaining some level of function 

over time and often continuing to improve during the chronic phase. This highlights that brain 

reorganisation can occur over long periods, have long-lasting effects, and can contribute to both 

recovery and persistent impairments. The studies cited above used heterogeneous designs, patient 

samples, lesion loads, deficits, and hypotheses, and they focused on reorganisation within specific 

networks rather than at the whole‑brain level. These findings stress the importance of examining 

whole-brain level functional reorganisation, as this approach may reveal how surviving transmodal 

and unimodal regions, particularly those involved in long range connectivity, contribute to recovery 

and impairments in addition to homologue and perilesional perspectives. 

The examples listed above focused on functional reorganisation, but there is also evidence 

supporting structural changes as a form of post‑stroke brain reorganisation linked with behavioural 

outcomes. Longitudinal grey‑matter changes have been observed in left‑hemispheric infarcts one year 

after stroke. Hope et al. (2017) reported an interesting pattern in which hypertrophy of the right 

anterior temporal lobe was associated with better language skills, whereas hypertrophy of the right 

precentral gyrus correlated with poorer language outcomes. Several studies have also reported 

white‑matter plasticity following therapy in chronic post‑stroke aphasia, particularly showing that 

bilateral tracts are associated with language recovery (Blom-Smink et al., 2020; Braun et al., 2022; 

Keser et al., 2020). Another study on post‑stroke motor recovery showed that severe corticospinal 
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tract injury was positively associated with fractional anisotropy in callosal fibres interconnecting the 

primary motor cortices and the superior longitudinal fasciculus, and with improvements in upper‑limb 

function (Domin et al., 2023). 

Several lesion‑mapping approaches have been developed to characterise how stroke lesions 

influence behaviour by relating post‑stroke outcomes to the structural and functional consequences of 

brain damage. No single technique serves as a gold standard, and each has distinct strengths and 

limitations. Understanding these differences is essential for improving existing methods or combining 

complementary approaches to produce more clinically useful and cost‑effective prediction tools. The 

evidence reviewed above shows that the post‑stroke brain undergoes continuous structural and 

functional change, and these dynamic processes strongly shape behavioural outcomes. As stroke 

incidence rises with population ageing (Grefkes et al., 2020) and cognitive dysfunction often persists 

for years (Tarantino et al., 2021), it becomes increasingly important to understand how lesions alter 

brain structure and function, and how spared regions reorganise to support recovery. Such knowledge 

can support patient stratification for rehabilitation, guide therapy intensity, enable early identification 

of individuals at risk of secondary complications such as dementia, and facilitate the formation of 

well‑defined clinical‑trial cohorts.  

Taken together, these studies show that functional reorganisation after stroke is highly 

heterogeneous, varying with lesion location, stroke severity, time post-stroke, behavioural domain, 

and the imaging approach used. Some studies emphasise perilesional remapping, others highlight 

distributed network-level changes or contralesional recruitment. These inconsistencies suggest that 

recovery cannot be explained by a single mechanism. Instead, whole-brain approaches that capture 

large-scale organisational change may be necessary to characterise post-stroke functional 

reorganisation. 

 

1.4. Overview of lesion mapping methods 

Stroke‑induced behavioural problems are mapped using different features of the lesion—generally 

referred to as symptom‑mapping techniques. These mapping techniques can be broadly divided into 

direct and indirect methods. Direct methods use features derived from the patient’s imaging data to 

map their behavioural profiles. Within direct approaches, traditional lesion–symptom mapping has 

played a pivotal role in generating evidence for the dynamic organisation of the brain supporting 

various neurological functions (Bates et al., 2003, Thielen et al., 2025). This method focuses on the 

statistical association between the anatomy of the lesion location and behavioural impairments, and 

the role of lesion location in post‑stroke dysfunction is well established (Bates et al., 2003). 

Connectome‑based lesion–symptom mapping is another direct approach that examines the statistical 
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association between stroke‑related connectome injury and behavioural problems (Ding et al., 2024). 

This approach is used to examine the impact of lesions on structural and functional connectivity. 

Indirect methods estimate lesion impact on the connectome by overlaying lesion masks from 

structural brain images onto a normative white matter atlas or functional connectivity template (Ding 

et al., 2024; Salvalaggio et al., 2020). These approaches infer the likely disconnection pattern without 

requiring patient specific connectivity data (Salvalaggio et al., 2020). The following sections discuss 

each method in detail. 

1.4.1 Lesion symptom mapping 

Traditional univariate voxel based lesion symptom mapping is a voxel wise statistical method for 

identifying brain regions that are statistically associated with behavioural impairments (Bates et al., 

2003). The univariate approach has two fundamental problems. First, it does not account for the 

spatial continuity of lesioned voxels that arise from the same underlying pathology. For example, a 

lesion in the middle temporal gyrus often extends into the neighbouring superior temporal gyrus 

(Herbet et al., 2015; Mah et al., 2014). Second, it does not consider stroke-induced disconnection of 

white matter tracts (Corbetta et al., 2015). Studies examining lesions affecting both white matter tracts 

and grey matter show that these structures are interconnected and jointly contribute to behavioural 

deficits. In contrast, multivariate voxel based lesion symptom mapping examines all lesioned voxels 

simultaneously and identifies inter voxel correlations—voxels that tend to be affected together 

because of lesion distribution across the brain—associated with behavioural deficits. Various machine 

learning approaches have been explored (Khalilian et al., 2024), including support vector machines, 

support vector regression, random forests, Gaussian process regression, and Bayesian networks 

(Wilson & Hula, 2019). Support vector regression (Schumacher et al., 2019) and sparse canonical 

correlation analysis (Pustina et al., 2018) have shown greater efficiency in linking lesioned brain 

structures with post-stroke functional impairments. These approaches provide a unidimensional 

topological view by identifying particular grey matter regions linked with behavioural impairments, 

but they do not show how a lesion affects structural connections between several brain regions and 

white matter tracts, which in turn impacts behaviour (Thielen et al., 2025). Similarly, they do not 

capture the impact of the lesion on functional network connections. In addition to these direct effects 

on structural and functional connections, they also fail to account for lesion related effects on 

undamaged parts of brain networks (Moore et al., 2024). Another limitation is that structural and 

functional reorganisation associated with behavioural outcomes is not captured. 

1.4.2.  Direct structural disconnectome‑based symptom mapping 

Stroke infarcts in white-matter tracts disrupt the structural connectome, affecting the networks that 

assist and regulate normal brain function (Schlemm et al., 2021). Post-stroke cortical deafferentation 

is usually extensive and not captured on conventional structural MRI, such as T1- or T2-weighted 
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images (Bonilha et al., 2014). White-matter tract integrity is studied using diffusion-weighted 

imaging, and these imaging data are used to map white-matter injury in relation to behaviour using a 

method called structural disconnectome-based mapping. This method was developed as a complement 

to voxel-based lesion–symptom mapping, showing that disruptions of structural connections are also 

involved in post-stroke symptoms (den Ouden et al., 2019; Ding et al., 2024). A recent study 

examined the association between changes in white-matter tracts and language performance in 

chronic aphasia patients (Zhang et al., 2025). The authors focused on how regions less affected by 

stroke, particularly white-matter pathways below the tentorium, can still contribute to language 

network disorder (Zhang et al., 2025). Fractional anisotropy measures the directionality of 

white-matter microstructure (e.g., myelin, microtubules, axons), reflecting tract integrity (Freire et al., 

2024). Fractional anisotropy values of the middle cerebellar peduncle, left inferior cerebellar 

peduncle, and left corticospinal tract were positively associated with language skills measured using 

the Western Aphasia Battery–Revised (Zhang et al., 2025). This study provided new insights, 

showing that network dysfunction is not restricted to the cortex but also extends to cerebellar 

pathways. A longitudinal study showed associations between DMN white-matter tracts such as the 

anterior thalamic radiation, splenium, genu of the corpus callosum, cingulum, and the thalamus–

precuneus tract with post-stroke cognitive outcomes after three months (Fruhwirth et al., 2024). 

Although disconnectome-based mapping clarifies how white-matter pathway disruptions 

extend beyond focal grey-matter injury, the method is constrained by the technical limitations of 

diffusion imaging and by practical acquisition constraints. Diffusion tensor imaging provides only a 

simplified representation of intravoxel fibre architecture and is known to be less reliable in regions 

containing crossing fibres, which may influence structural disconnection maps (Koch et al., 2016). 

For example, the arcuate fasciculus and inferior fronto-occipital fasciculus (IFOF) are crossing fibres, 

and these long association fibres cross numerous pathways along their entire length (Schevenels et al., 

2022). The IFOF connects several regions of the occipital lobe, inferior temporal area, and superior 

parietal lobule to the frontal lobe (Herbet et al., 2018). This tract is implicated in orthographic and 

semantic processing (Schevenels et al., 2022). Although studying the arcuate fasciculus and IFOF in 

stroke is beneficial for diagnosis, prediction of long-term prognosis, and understanding the recovery 

mechanism of aphasia, DTI can only estimate one fibre direction per voxel in regions containing the 

arcuate fasciculus and IFOF (Jones, 2009; Jang, 2013). 

Further, the validity of axonal pathways reconstructed through lesioned tissue remains 

uncertain, because stroke pathology can alter the diffusion-weighted imaging signal (Sperber et al., 

2022). Moreover, precise localisation of a lesion along a damaged white-matter pathway is often not 

necessary to explain the clinical presentation after stroke. For instance, lesions occurring anywhere 

along the corticospinal tract (periventricular white matter, internal capsule, midbrain, pons, medulla 

oblongata, or spinal cord) can produce hemiparesis (Feng et al., 2015). These considerations suggest 
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that the usefulness of structural disconnectome mapping depends on the specific clinical or research 

context. In practice, the main limitations of this method are its cost and the fact that the required data 

are not routinely acquired in clinical settings. To overcome these constraints, researchers have 

developed an indirect structural-disconnectome-based symptom-mapping approach. 

1.4.3.  Indirect structural disconnectome‑based symptom mapping 

Indirect structural disconnectome‑based symptom mapping estimates white‑matter–related 

behavioural dysfunction without relying on diffusion imaging from stroke patients (Salvalaggio et al., 

2020). This mapping technique derives structural disconnection for a stroke patient by integrating the 

spatial lesion map with anatomical information from white‑matter data of healthy participants 

(Salvalaggio et al., 2020; Sperber et al., 2022). The patient’s lesion map is embedded into normative 

structural connectome data acquired from healthy, age‑matched participants to model the lesion 

effects on white‑matter tracts (Sperber et al., 2022) (Figure 1.1). The mapping approach examines the 

association between the estimated structural disconnection and behavioural measures (Salvalaggio et 

al., 2020; Sperber et al., 2022). This method commonly uses probabilistic fibre tract atlases, referred 

to as the tract‑wise or hodological approach, where disconnection estimation is derived from 

canonical white‑matter fibre tracts (e.g., the superior longitudinal fasciculus and corticospinal tract) 

(Rudrauf et al., 2008; Thiebaut De Schotten et al., 2014). A recent study found that a strategic 

structural disconnection pattern focused on the left prefrontal cortex, thalamus, and basal ganglia was 

implicated in global post‑stroke cognitive impairment using indirect structural disconnection analysis 

(Pan et al., 2023). Another study found that structural disconnections involving the right insula, right 

frontotemporal regions, and right putamen were associated with general cognitive deficits (Kolskår et 

al., 2022). Although these findings align with the brain‑behaviour literature, they provide a 

unidimensional perspective and fail to capture how spared white‑matter tracts are involved in brain 

reorganisation, given that a stroke brain’s rewiring continues in the chronic phase. Another issue is 

that this method heavily depends on lesion–tract overlap and is incapable of quantifying participants 

with zero overlap between lesion maps and tract masks (Domin et al., 2025). 
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Figure 1.1. Workflow for indirect structural disconnectome mapping. Image source: Akinina 

et al. (2022), structural disconnection associated with language outcomes in chronic stroke. 

The figure illustrates the procedure for generating an indirect structural disconnectome map. 

A patient's lesion mask is used as a seed region for tractography within a normative dataset 

of 178 healthy control connectomes. The degree of overlap across tractography results is then 

combined with the lesion mask to produce a voxelwise probabilistic map, where values 

represent the percentage likelihood of white-matter disconnection at each location. 

 

1.4.4.  Direct functional disconnection-based symptom mapping 

Functional disconnection‑based symptom mapping examines how the strength of functional 

connectivity between brain regions relates to behavioural outcomes (Tsiakiri et al., 2024). Functional 

connectivity refers to the temporal coordination of activity between spatially distinct regions during 

tasks or at rest, as measured by functional imaging (Friston, 2011). Resting‑state functional magnetic 

resonance imaging (rs‑fMRI)—a rapidly evolving technique—uses functional connectivity to estimate 

intrinsic spatial patterns of synchronised neural activity in spontaneous, low‑frequency 

blood‑oxygen‑level‑dependent (BOLD) signals below 0.1 Hz (Wang et al., 2015). In situations where 

no direct white‑matter tract links two regions, strong BOLD‑signal correlations suggest that functional 
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coordination can rely on indirect anatomical pathways rather than only on direct structural 

connections (Koch et al., 2002). 

  Rs‑fMRI studies have identified distributed sets of brain regions that show correlated activity 

in the absence of explicit tasks or stimuli, termed resting‑state networks (RSNs). These networks 

comprise functionally connected brain regions that maintain relatively high, ongoing connectivity at 

rest despite being anatomically separated (van den Heuvel & Hulshoff Pol, 2010). Resting‑state 

networks show substantial overlap with networks identified in task‑based fMRI, and their 

instantaneous activity has been linked to behaviour (Carter et al., 2010). Mapping resting‑state 

networks to functional deficits offers several advantages over task‑based fMRI, particularly for stroke 

patients. Resting‑state scans are less cognitively and physically demanding, reduce the risk of 

movement artefacts, require shorter acquisition times, and remain feasible even for patients with 

severe motor impairments (e.g., hemiplegia) who may be unable to perform the movements required 

in task‑based paradigms. A recent systematic review identified reduced functional connectivity in key 

regions—including the medial prefrontal cortex, precuneus, inferior frontal gyrus, anterior and 

posterior cingulate cortices, and hippocampus—in association with post‑stroke cognitive impairment 

(Sagues et al., 2025). This indicates that altered connectivity in transmodal regions contributes to 

cognitive deficits after stroke (Hallam et al., 2018). A longitudinal functional connectivity study 

observed an interesting pattern between the limbic and dorsal attention networks: connectivity 

between these two networks at the first scan reliably predicted motor outcomes at the second time 

point in patients with chronic subcortical infarcts (Li et al., 2022). This study highlighted the 

importance of functional coupling between the dorsal attention and limbic networks. Sections 1.2 and 

1.3 considered how alterations in large-scale networks contribute to behavioural impairments and 

recovery after stroke. The following section shifts from these neurobiological findings to the methods 

used to characterise functional connectivity from resting-state fMRI data. 

Resting state fMRI captures functional coordination between spatially distant regions through 

the temporal synchrony of BOLD signals (Biswal et al., 1995). It measures intrinsic interactions 

between grey matter regions without requiring an explicit task (Fox & Raichle, 2007). Resting state 

approaches have been widely used to characterise functional connectivity after stroke, providing 

insight into how focal lesions alter large-scale network organisation (Aziz et al., 2025; Christidi et al., 

2024). A major advantage over task based paradigms is that resting state scanning does not impose 

task demands or require overt responses, making it suitable for stroke populations with heterogeneous 

cognitive, linguistic, or motor impairments (Fan et al., 2015). In contrast, task based fMRI requires all 

patients to complete the same language paradigm, which is often not feasible for individuals with 

severe language or motor deficits. Resting state paradigms are therefore particularly valuable in 

clinical aphasia research, including the acute stage when tools for mapping deficits and estimating 

prognosis are needed. They allow the integrity of functional networks supporting different cognitive 
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domains to be assessed, providing insight into how stroke disrupts network balance and how these 

disruptions relate to cognitive, language, and motor impairments. Tracking functional connectivity 

across different stages of stroke also helps characterise how the brain reorganises using tissue spared 

from the lesion, and to what extent spontaneous neuroplastic changes contribute to recovery (Aziz et 

al., 2025; Fan et al., 2015). 

However, resting-state fMRI also has important limitations in the context of stroke. Stroke 

can alter neurovascular coupling and haemodynamic response properties, although these effects are 

most pronounced in the acute and subacute stages and tend to stabilise in chronic stroke 

(Bonakdarpour et al., 2007; Braban et al., 2023; Promjunyakul et al., 2013). Lesions can introduce 

signal dropout, distort spatial normalisation, and increase head-motion artefacts, all of which can bias 

functional connectivity estimates (Siegel et al., 2017). There are established preprocessing and 

modelling strategies to mitigate many of these limitations, including approaches that estimate or 

correct for vascular confounds, but developing or evaluating such methods is beyond the scope of this 

thesis. 

1.4.5. Indirect functional disconnectome‑based symptom mapping 

The indirect method used to understand functional disconnection–behaviour relationships is 

commonly referred to as lesion network mapping (Bowren et al., 2022). Functional disruption is 

estimated without requiring resting-state data from stroke patients, but using clinically available lesion 

data (Salvalaggio et al., 2020). In this method, lesion effects on networks are estimated by mapping 

each lesion onto high-quality functional connectome data from age-matched controls (Salvalaggio et 

al., 2020). A proxy association between inferred network disruption and behavioural dysfunction is 

then examined. This method has lower predictive value compared with indirect structural 

disconnectome-based symptom mapping and traditional lesion–symptom mapping (Salvalaggio et al., 

2020). It may not be suitable for large lesions when performing seed-based connectivity analyses, as 

the seed region may consist of several distributed areas (Boes, 2021). Averaging the time series of 

those regions within the lesion area can provide misleading estimates of network disruption. This 

method estimates direct disconnection between the seed region and networks but does not account for 

indirect functional interactions linked with the lesion (i.e., indirect functional connections through 

polysynaptic pathways) (Corbetta et al., 2018).  

A recent study reported opposite results to those of Salvalaggio et al. (2020). Bowren et al. 

(2022) found that structural and functional network mapping predicted behavioural variance better 

than lesion–symptom mapping, and that indirect functional lesion network mapping had the strongest 

predictive ability for language deficits compared with other methods. However, the patients in this 

study were assessed 3–12 months after stroke, a period characterised by substantial functional 

reorganisation (Cui et al., 2023). Because lesion network mapping relies on normative connectivity 
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rather than patient-specific post-stroke connectivity, it does not capture these dynamic changes. This 

mismatch may contribute to the method’s predictive performance in the subacute–chronic phase. 

Therefore, lesion network mapping should be interpreted in a complementary and context-dependent 

manner.  

1.4.6. Functional connectivity analyses 

The conventional functional connectivity analyses used for resting-state fMRI data are broadly 

divided into hypothesis-dependent and data-driven methods. Seed-based correlation approaches are 

hypothesis-dependent, whereas independent component analysis (ICA), principal component analysis 

(PCA), and clustering methods are data-driven (van den Heuvel & Hulshoff Pol, 2010). Seed‑based 

methods, also known as region‑of‑interest (ROI)‑based functional connectivity, identify regions 

whose BOLD‑signal time series correlate with a predefined seed region. A small cluster of voxels is 

selected as the seed, and their averaged time series is extracted. This seed time series is then 

correlated with the time series of every other voxel in the brain, producing a spatial map of correlation 

strengths (Biswal et al., 1995). Seed regions can be defined using anatomical landmarks or functional 

results, such as peak clusters from statistical maps. This approach requires an a priori specification of 

the seed region based on a hypothesis. Functional connectivity estimates change when the seed 

changes, and this dependence on seed selection is a major limitation, as it introduces susceptibility to 

bias (Lv et al., 2018). In addition, seed‑based analysis does not characterise intrinsically connected 

networks or their interactions; it only describes connectivity patterns of the chosen seed 

(Joel et al., 2011). As a result, it focuses on a narrow aspect of brain organisation rather than the 

whole‑brain network structure. 

In contrast to seed-based analysis, independent component analysis (ICA) examines the full 

four-dimensional fMRI dataset and identifies coherent patterns of activity without requiring 

predefined seed regions. ICA examines the full four‑dimensional fMRI dataset to identify coherent 

patterns of activity without specifying seed regions. It models the observed BOLD signal as a linear 

mixture of spatially independent sources, including intrinsic neural fluctuations, head motion, 

physiological noise, and other artefactual processes. Each source contributes its own time course to 

the data, and ICA separates these components by maximising statistical independence 

(McKeown et al., 1998). The decomposition yields spatially independent components, each associated 

with a characteristic time course. Several algorithms have been developed for this purpose, most of 

which optimise spatial independence (Hyvärinen, 1999). Dacosta‑Aguayo et al. (2014) used ICA to 

characterise intrinsic functional connectivity patterns following sub‑acute ischaemic stroke and their 

relationship to cognitive recovery. They identified 18 components corresponding to the major 

resting‑state networks. This model order provides a mid‑level decomposition that captures canonical 

networks but not the finer subdivisions that emerge at higher model orders. The small sample size 

further reduces component stability and limits generalisability. ICA components can also be 
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challenging to interpret because they may contain mixtures of neural and non‑neural signals, and their 

identification depends on algorithm choice, model order, and sample characteristics (Lu et al., 2017). 

These factors make network‑level inference less straightforward, particularly in clinical populations, 

and limit the suitability of ICA for routine clinical applications, although it remains a valuable tool in 

research settings. Moreover, ICA identifies spatially independent networks but does not, on its own, 

characterise interactions between these networks. Examining between‑network connectivity is 

important for understanding post‑stroke reorganisation, so additional analyses are required to address 

these questions. 

Another data‑driven approach, principal component analysis (PCA), extends this 

decomposition framework by focusing on variance rather than statistical independence. PCA is a 

dimensionality reduction technique that reduces the dimensionality of resting-state fMRI data while 

preserving the dominant patterns of variance (Jolliffe & Cadima, 2016). When applied to voxel time 

series, PCA treats the fMRI dataset as a time‑by‑voxel matrix and decomposes it into a set of 

orthogonal temporal components and their associated spatial loadings. These components reflect the 

dominant temporal patterns shared across voxels, providing a compact, low‑dimensional 

representation of the underlying structure in the data. The ordering and number of components are 

determined by the covariance structure of the time series, with the first components explaining the 

greatest proportion of variance (van De Ven et al., 2004). Because PCA transforms correlated voxel 

signals into uncorrelated directions of variation, it can reduce problems caused by collinearity in 

multivariate analyses. However, the orthogonality constraint is mathematical rather than biological, 

which limits the interpretability of PCA components and makes them less suitable for identifying 

meaningful network structure compared with ICA (Viviani et al., 2005).  Taken together, these 

limitations highlight the need for approaches that characterise whole-brain organisation as continuous 

rather than as a set of discrete regions or networks. In addition, whole-brain voxelwise connectivity 

matrices contain an enormous number of pairwise relationships, making their organisation difficult to 

interpret. Functional connectivity gradients address these limitations by providing a low-dimensional 

representation of whole-brain connectivity that captures systematic patterns of cortical organisation, 

as discussed in Section 1.5. 

1.5. Functional organisation from a gradient perspective 

1.5.1.  Functional connectivity gradients 

Connectivity gradients decompose whole-cortex patterns of connectivity into a small number of 

dimensions that represent similarities in connectivity profiles between brain regions. Traditional 

lesion-mapping and network-based approaches typically characterise brain organisation in terms of 

discrete regions or networks. However, increasing evidence suggests that large-scale brain 

organisation is better described as a continuous hierarchy rather than a set of sharply bounded 
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modules. Connectivity gradient approaches capture this systematic organisation by representing brain 

regions along low-dimensional axes that reflect similarities in connectivity patterns. This framework 

therefore provides a complementary perspective on brain organisation and may be particularly useful 

for studying distributed network disruption following stroke. 

The human brain has a unique and highly complex structural and functional organisation. 

Morphological transitions span from molecules to cells, through white-matter pathways, to large-scale 

structural networks (von Economo & Koskinas, 2007). Graded changes occur from the cellular to the 

macroscale level of network organisation (Bernhardt et al., 2022). This continuously changing feature, 

referred to as "gradients", is observed across multiple levels of brain organisation (Royer et al., 2024). 

Because of the spatial continuity of the cerebral cortex, adjacent regions that are structurally and 

anatomically coupled allow signals to propagate in a spatially organised manner (Betzel et al., 2026). 

The gradient concept is also evident in task-based activation and deactivation patterns, as well as in 

structural and functional connectivity (Margulies et al., 2016; Bernhardt et al., 2022). Functional 

connectivity gradients provide a low-dimensional representation of whole-brain connectivity patterns, 

reducing the complexity of voxelwise connectivity while preserving biologically meaningful 

relationships between regions (Margulies et al., 2016; Hong et al., 2020). They project functional 

connectivity patterns into a low-dimensional space, where different dimensions capture different 

functional relationships (Margulies et al., 2016). In other words, each axis explains a unique 

functional relationship, and regions with similar functional profiles are positioned next to each other 

(Huntenburg et al., 2018; Mckeown et al., 2020). 

The principal gradient captures the systematic transition from unimodal to transmodal 

regions, whereas the second and third gradients capture the next most important differences in 

connectivity profiles across the cortex. Specifically, Gradient 2 reflects sensory-motor organisation, 

with visual regions occupying one end and motor regions the other, while Gradient 3 characterises 

variation within transmodal systems and has been interpreted as a control-to-DMN axis (Margulies et 

al., 2016) (Figure 1.2). Some gradients exhibit fractal repetition across cortical lobes, forming large-

scale axes, while each region participates in multiple functional organisations (Margulies et al., 2016; 

Royer et al., 2024). For example, transmodal regions such as the posterior cingulate cortex and 

angular gyrus occupy high positions on both Gradient 1 (unimodal → transmodal hierarchy) and 

Gradient 3 (control → DMN axis), integrating sensory information while facilitating executive control 

and internally directed thought. 

Connectivity gradients are derived from resting-state fMRI by constructing a functional 

connectivity matrix that reflects each region's connectivity profile with the rest of the brain (Margulies 

et al., 2016). Diffusion embedding is then applied to identify components that best describe similarity 

patterns across these profiles. Although conceptually similar to PCA, diffusion embedding does not 
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impose linearity and instead extracts nonlinear axes that explain the greatest variance in intrinsic 

connectivity (Katsumi et al., 2023). These axes are neurobiologically meaningful: recent work 

integrating transcriptional and connectivity gradients has shown that imputed cell type distributions 

recapitulate the hierarchical functional organisation of the cortex (Zhang et al., 2024). It is important 

to note, however, that gradients are not fixed entities. Their precise ordering and interpretation can 

vary depending on the sample, preprocessing pipeline, parcellation scheme, and embedding method. 

Studies may therefore extract sample specific gradients or, alternatively, rotate their gradient solution 

to maximise correspondence with canonical gradients derived from the large HCP dataset (Margulies 

et al., 2016), which improves interpretability and facilitates comparison across studies. 

 

 

Figure 1.2. Functional connectivity gradients. Gradient 1 represents the transmodal–unimodal 

axis, Gradient 2 captures the visual–motor axis, and Gradient 3 reflects variation between 

control networks and the default mode network. Along all gradients, cool colours indicate the 

lower end of the axis and warm colours indicate the higher end. 
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1.5.2.     Functional connectivity gradients and correlates of cognition 

Connectivity gradients not only map the spatial functional transitions across the cortex but also 

provide insight into how cognitive functions emerge from coordinated interactions of distributed 

networks. Gradient 1 captures a key organisational principle of the cortex, spanning from unimodal 

regions associated with sensory-motor processing at one end to transmodal regions implicated in 

higher cognitive functions at the other (Margulies et al., 2016; Wang et al., 2025). This continuum—

from local functional specialisation to global integration—provides a useful framework for 

understanding language processing, which spans sensory inputs and higher-level semantic 

representation. For example, auditory comprehension aligns with this axis: the auditory cortex handles 

basic sound processing near the unimodal end, while transmodal regions like the anterior temporal 

lobe contribute to word comprehension near the opposite end. This organisation is conceptually 

consistent with the ventral stream of the dual-stream model of speech and language processing 

(Hickok & Poeppel, 2007). Gradient 3 delineates a higher-order dimension relating the default mode 

network (DMN) to control networks (Wang et al., 2020; Shao et al., 2022). Speech production can be 

interpreted within this framework, where conceptual retrieval engages DMN regions and contextually 

appropriate articulation involves control networks. This gradient-based perspective offers a 

complementary large-scale description that aligns conceptually with interactions between the ventral 

(semantic) and dorsal (articulatory) streams in the dual-stream model (Hickok & Poeppel, 2007).  

Connectivity gradients are not restricted to language processing but extend to a wide array of 

cognitive processes. Gao et al. (2022) identified that gradients’ axes have a flexible property that 

supports semantic cognition based on task demands. They explored the gradient correlates of 

associative strength between two words. Strong associations between word pairs showed greater 

separation between unimodal and transmodal poles. This indicated that long‑term‑memory‑driven 

cognition relies on wider informational separation from sensory‑motor features. Weak associations 

showed reduced separation between unimodal and transmodal poles. This reflects that retrieving 

weakly related concepts requires greater reliance on intermediate, multimodal regions and closer 

interaction between sensory‑motor features and control‑based semantic processes. McKeown et al. 

(2020) explored how individual differences in macroscale cortical gradients are associated with 

ongoing internal thought patterns during rest. They observed that variation in the principal gradients 

predicted unique aspects of spontaneous cognition. Greater differentiation along Gradient 1 was 

associated with more detailed and internally oriented thought, anchored by the DMN at the 

transmodal end. Gradient 2 reflected sensory‑ and imagery‑based visual content, and Gradient 3 

captured the separation between spontaneous and goal‑directed thinking. These findings indicate that 

connectivity gradients shape stable individual differences in ongoing thought. Another study 

investigated how individual differences in the principal connectivity gradient (the unimodal–

transmodal axis) link to creative ability (Huo et al., 2022). In this study, the alternative uses task 
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probed divergent thinking as a measure of creativity. Individuals with greater unimodal–transmodal 

axis expansion showed higher creativity. They also found that higher creativity was associated with 

greater gradient values within the ventral attention network, reflecting a shift of VAN toward 

transmodal regions such as the DMN and FPN (Huo et al., 2022). The evidence above clearly shows 

how changes in gradient axes, which reflect segregation and global integration, are required for 

different aspects of cognition. 

1.5.3.  Atypical connectivity gradients 

The multidimensional network perspectives offered by gradients make them a valuable tool for 

understanding how the brain's highly interconnected organisation is disrupted in stroke and other 

neurological disorders. A recent study reported functional disturbances in the visuomotor axis (G2) in 

stroke patients, relating these findings to difficulties in activities driven by unimodal regions (Koba et 

al., 2025). Another study noted greater suppression of the transmodal–unimodal axis in Alzheimer's 

disease than in amnestic mild cognitive impairment (He et al., 2023). In frontotemporal dementia, 

similar alterations in the transmodal–unimodal axis were observed, while Gradient 2 (visuomotor 

axis) exhibited widespread alterations affecting interactions among all networks (Bouzigues et al., 

2024). Semantic and non-fluent variants of frontotemporal dementia showed specific disruptions in 

limbic and sensorimotor networks.  Functional neurological disorder (FND) is a disabling condition 

that has recently gained increasing attention in both psychiatry and neurology (Westlin et al., 2025). 

Patients with FND experience a wide range of symptoms affecting motor, sensory, and cognitive 

functions, as well as seizure-like episodes. Emerging evidence suggests that FND is associated with 

disturbances across multiple brain networks (Weber et al., 2025). Using connectivity gradients, Bègue 

et al. (2025) examined network profiles in patients with FND and reported alterations across all three 

gradient dimensions. Specifically, sensorimotor regions exhibited connectivity patterns resembling 

association cortex in Gradient 1, while Gradient 2 showed reduced separation between motor and 

visual regions. Functional differentiation was also altered along Gradient 3, particularly between 

representational and modulatory regions.  

Multiple sclerosis has received increased consensus as a brain network disorder, with network 

disturbances caused by neuroinflammatory and neurodegenerative processes involving the central 

nervous system. Similar to other brain network disorders like stroke, multiple sclerosis encompasses a 

broad range of clinical presentations, including visual, sensory, motor, and cognitive impairments 

(Filippi et al., 2018). Cognitive impairments experienced in multiple sclerosis include delays in 

information processing, deficits in attention, executive control, and episodic memory (Schoonheim et 

al., 2022). De Rosa et al. (2024) explored the changes in cortical hierarchy and their association with 

the symbol digit modality test, used to measure information processing speed. The gradients extracted 

in this study were different from the gradient dimensions observed by Margulies et al. (2016) and 

described above. They are visuo-motor and transmodal-unimodal axes. De Rosa et al. (2024) 
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observed attenuation of the transmodal-unimodal axis, and higher gradient values within limbic and 

default mode networks were associated with higher symbol digit modality test scores. They also 

reported that a lower position of the ventral attention network on the transmodal-unimodal axis was 

associated with higher predicted symbol digit modality test scores. This study showed how the 

position of the default mode network within gradient space affects information processing speed, as 

this network functions as a central hub involved in processing and integrating transmodal information. 

All the above studies were conducted in neurological conditions in aging populations. 

Connectivity gradients are also employed to understand brain organisation in neurodevelopmental 

disorders such as autism. Hong et al. (2019) found atypical functional connectivity transitions 

between sensory systems and transmodal regions in autism. Disease-specific changes in functional 

gradients showed reduced separation between unimodal and transmodal regions in autism. They also 

found a reduced hierarchical division across the cortex, reflecting altered transitions from sensory 

systems to transmodal cortices, and gradient changes predicted social and behavioural difficulties in 

individuals with autism (Hong et al., 2019). All of these studies clearly demonstrate that 

understanding how connectivity gradients become less differentiated helps to untangle various 

patterns of cognitive impairments caused by different brain pathologies. The studies listed above are 

network disorders, but connectivity gradients captured the unique patterns of network disruptions 

linked with specific pathology. In contrast to this overall narrowing of gradient axes, some brain 

regions show expanded gradient positions. Liu et al. (2026) observed that the right medial superior 

frontal gyrus and bilateral angular gyri occupied higher gradient positions along the DMN to 

somatomotor axis in Alzheimer’s disease compared with healthy controls. The authors proposed that 

these regional gradient expansions may reflect compensatory functional reorganisation, whereby 

increased functional differentiation helps preserve network integration despite widespread disease-

related disruption. 

Although a few studies have used connectivity gradients to characterise stroke-related 

whole-brain functional disruptions (Bayrak et al., 2019; Chen et al., 2026; Koba et al., 2025), no work 

has examined gradient changes in relation to semantic control deficits or aphasia after stroke. Existing 

studies have not linked gradient alterations to detailed behavioural measures, particularly those 

assessing performance across a range of language and semantic cognition tasks. This thesis 

investigates functional reorganisation captured by connectivity gradients in relation to language and 

semantic cognition. 
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1.6. Overview of the thesis 

The overarching aim of this thesis is to examine how stroke disrupts network-wide functional 

connectivity and how functional reorganisation in preserved brain regions relates to language and 

semantic cognition. Building on the view of stroke as a distributed network disorder, this work 

investigates whether connectivity gradients provide a mechanistic account of post-stroke behavioural 

outcomes that is not captured by traditional region-based or network-based approaches. The central 

focus is on how functional reorganisation within the surviving brain influences cognition and 

language functions in chronic stroke. 

A first aim is to determine whether stroke lesions produce systematic alterations along the 

principal axes of cortical organisation, and whether these alterations reflect the distributed nature of 

post-stroke functional disruption. A second aim is to evaluate whether changes in gradient position are 

linked to language and semantic control outcomes, focusing on whether variation along specific 

gradient dimensions corresponds to deficits in controlled semantic retrieval and broader language 

performance. A third aim is to use connectivity gradients in a novel way to simulate lesion effects 

within gradient space, modelling stroke-specific disruptions separately from individual variability in 

intrinsic cortical organisation. This involves using lesion information derived from structural MRI to 

characterise functional reorganisation in chronic stroke and to provide a mechanistic account of how 

focal damage alters large-scale connectivity. A fourth aim is to evaluate the utility of these simulated 

gradients, examining whether gradient solutions derived from lesion maps can approximate aspects of 

resting-state functional organisation, particularly in situations where resting-state data are not 

available. This aim also tests whether simulated stroke gradients can predict semantic cognition and 

language outcomes. A final aim is to assess whether relationships between gradients and behaviour 

offer insights that could support future clinical understanding of language and semantic outcomes, 

including whether gradient-linked measures capture aspects of impairment not explained by lesion 

location. The following section outlines how these aims are addressed in Chapters 2, 3, and 4. 

Chapter 2 examined functional connectivity changes in stroke survivors with semantic 

aphasia using a connectivity-gradient decomposition approach. Because semantic control deficits arise 

at the interface between domain-general control systems and semantic representational networks, 

semantic aphasia provides a particularly useful test case for approaches that characterise the 

continuous organisation of brain networks, such as connectivity gradients. This chapter assessed 

whether cortical lesion information from structural MRI could model aspects of the functional 

changes observed in empirical resting-state data. This proof-of-concept analysis was conducted in a 

small subset of eight patients with both resting-state fMRI and structural lesion maps, allowing 

comparison between simulated and observed post-stroke gradients. The simulation modelled each 
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lesioned parcel’s influence on the remaining cortex, reflecting a direct lesion-effects approach. The 

chapter also investigated whether simulated gradient changes within unlesioned regions of the 

semantic control network were associated with retrieval difficulties in a larger sample of 21 

individuals with semantic aphasia. 

Chapter 3 investigated post-stroke reorganisation of connectivity gradients in a large and 

heterogeneous cohort of individuals with aphasia drawn from the PLORAS database. PLORAS, 

established in 2008, provides an extensive resource for predicting language recovery after stroke, 

combining structural and functional imaging with detailed behavioural assessments. The project has 

been used to characterise long-term language outcomes from structural scans and to understand 

inter-subject variability in post-stroke reorganisation (Seghier et al., 2016). For example, 

Gajardo-Vidal et al. (2021) used PLORAS to dissociate the effects of injury to Broca’s area from 

damage to adjacent white-matter pathways, showing that persistent language production deficits 

following left frontal infarcts were linked to the anterior arcuate fasciculus rather than Broca’s area 

itself. Building on this foundation, Chapter 3 applied connectivity-gradient analysis to PLORAS for 

the first time, using data from 60 stroke survivors with structural MRI, resting-state fMRI, and 

detailed language and cognitive assessments from the Comprehensive Aphasia Test. This chapter first 

identified the lesion locations most strongly associated with specific language subdomains, replicating 

and extending conventional lesion–symptom mapping within this large cohort. It then introduced a 

novel analysis by examining how connectivity-gradient changes in the preserved cortex explained 

additional variance in language outcomes beyond the effects of focal damage. This approach allowed 

the chapter to test whether distributed reorganisation along key gradient dimensions provides 

behaviourally meaningful information that is not captured by lesion location alone. Together, these 

analyses clarified how both focal injury and large-scale functional reorganisation jointly support or 

constrain language function in chronic stroke. 

Chapter 4 also used the PLORAS dataset, analysing 52 stroke survivors with both structural 

and resting-state fMRI. This chapter extended the simulation framework introduced in Chapter 2 by 

developing a more comprehensive model of lesion impact on connectivity gradients. Because the 

simulation approach required cortical lesion information, eight cases with purely subcortical lesions 

were excluded. Building on the direct lesion-effects simulation from Chapter 2, Chapter 4 introduced 

an iterative-propagation model that incorporated all edge-wise connections, thereby modelling both 

direct and indirect (diaschisis-like) effects across the cortex. The chapter evaluated whether this 

additional propagation step improved the accuracy with which simulated gradients reproduced 

empirically observed stroke gradients derived from resting-state fMRI. This work provided an initial 

evaluation of whether lesion-derived simulations can approximate aspects of resting-state functional 
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organisation, offering a potential complementary approach in situations where functional imaging is 

unavailable. 
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Chapter 2 

Lesion-gradient mapping: effects of stroke on connectivity gradients 

 in semantic aphasia 

 

2.1. Abstract 

Post-stroke semantic aphasia is characterised by multimodal semantic deficits arising from disruption 

to a distributed network spanning frontal and temporal regions. Although long-term conceptual 

knowledge is largely preserved, controlled retrieval is impaired because the interaction between 

control processes and underlying semantic representations is disrupted. Connectivity gradients, which 

capture major axes of whole-brain functional connectivity variation, offer a useful framework for 

assessing the global impact of stroke. They provide a dimensional perspective on how stroke disrupts 

the interaction between the semantic control system and the semantic store across different input 

modalities. This study examined whether post-stroke changes in connectivity gradients help explain 

semantic-aphasia deficits. First, we tested whether lesion location and lesion-load information from 

structural MRI could predict gradient changes observed in resting-state fMRI, in a proof-of-principle 

analysis of eight cases. Simulated post-stroke gradient changes derived from structural MRI correlated 

with actual resting-state gradient alterations caused by stroke, particularly for the principal gradient 

separating unimodal and heteromodal cortex. Second, we assessed whether simulated gradient 

changes predicted the severity of semantic impairment (N = 21). Semantic deficits were associated 

with simulated connectivity shifts along this principal gradient: left prefrontal regions supporting 

controlled semantic retrieval showed stronger connectivity to unimodal cortex in patients with more 

severe semantic impairment. Overall, these findings demonstrate that connectivity gradients capture a 

macroscale reorganization of brain networks that is linked to semantic impairment. Furthermore, the 

ability to approximate these shifts from structural MRI indicates a promising direction for future 

clinical applications. 
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 2.2. Introduction 

Semantic aphasia (SA) is associated with infarcts affecting the left inferior frontal and/or 

temporoparietal cortex and is often defined as a comprehension impairment affecting both verbal and 

non‑verbal tasks (Jefferies & Lambon Ralph, 2006; Robson et al., 2012). These problems are thought 

to reflect difficulties controlling semantic retrieval so that it is appropriate to the current task or 

context, rather than a loss of long‑term conceptual knowledge (Jefferies & Lambon Ralph, 2006; 

Jefferies et al., 2008; Lambon Ralph et al., 2017; Jefferies, 2013; Souter et al., 2022). Irrespective of 

modality, SA patients show difficulties in flexibly retrieving information (Corbett et al., 2011) and 

perform poorly when retrieving weak or subordinate meanings (Noonan et al., 2010). They also show 

impairments on semantic tasks involving pictures, environmental sounds (Jefferies & Lambon Ralph, 

2006; Thompson & Jefferies, 2013), and unusual object use (Corbett et al., 2009, 2011). These 

deficits are thought to reflect problems tailoring semantic retrieval to suit the circumstances, 

particularly when meanings are ambiguous or competing alternatives must be resolved (Jefferies & 

Lambon Ralph, 2006; Jefferies, 2013). Semantic control deficits occur in transcortical sensory 

aphasia, in patients with fluent speech and good repetition, but they can also be accompanied by 

degrees of dysfluency and repetition difficulty (Jefferies & Lambon Ralph, 2006). According to the 

controlled semantic cognition framework, semantic cognition draws on unimodal features that are 

integrated within the anterior temporal lobes to form heteromodal concepts (Patterson et al., 2007; 

Lambon Ralph et al., 2017). Semantic control processes then shape retrieval so that less strongly 

instantiated knowledge can be prioritised when relevant (Jefferies, 2013). Computational modelling 

work has suggested that this might involve control over the activation of unimodal features, which are 

then integrated into the heteromodal conceptual store in a way that prioritises task-relevant 

information (Jackson et al., 2021). In this way, semantic control deficits in semantic aphasia can be 

understood as a failure to flexibly weight features of multi-dimensional concepts flexibly according to 

the current context.  

Neuropsychological studies of semantic control converge with neuroimaging and 

neurostimulation approaches in revealing a left-lateralised distributed network of brain regions 

associated with semantic control, including left inferior frontal gyrus (IFG), posterior temporal cortex, 

and dorsomedial prefrontal cortex (Hallam et al., 2016; Whitney et al., 2011; Jackson, 2021). These 

regions partially overlap with the multiple‑demand network and also interface with regions of the 

default mode network during semantic judgements, reflecting the need to integrate conceptual 

information with executive goal representations (Davey et al., 2016; Chiou et al., 2022; Wang et al., 

2024). The semantic control network responds across modalities of input (Krieger‑Redwood et al., 

2015; Davey et al., 2015) and interacts with anterior temporal regions implicated in long‑term 

heteromodal semantic memory (Bonner & Price, 2013; Jefferies et al., 2020; Chiou et al., 2018; 

Pobric et al., 2007); moreover, this network changes its pattern of connectivity along the unimodal-
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transmodal hierarchy depending on semantic control demands, shifting its connectivity towards the 

transmodal default mode network when strong associations are retrieved, and towards sensory-motor 

regions during the controlled retrieval of weaker associations (Gao et al., 2022). The semantic control 

network may therefore play a key role in flexibly modulating the way that heteromodal and unimodal 

aspects of knowledge are integrated. 

Given the semantic control network is highly distributed and draws together both the 

multiple‑demand network and the default mode network (Davey et al., 2016; Chiou et al., 2022; Wang 

et al., 2020), semantic aphasia likely reflects more than focal tissue loss and may involve broad 

disruption of whole-brain organisation (Souter et al., 2022; Hallam et al., 2018). This macroscale 

perspective is able to explain a key clinical observation in SA: patients often present with similar 

behavioural deficits despite having anatomically distinct lesions in either frontal or posterior temporal 

regions (Jefferies & Lambon Ralph, 2006; Noonan et al., 2010; Thompson et al., 2022). While lesion 

size and location are useful clinical predictors of post-stroke deficits (Plowman et al., 2012), a fuller 

picture is provided by mapping post-stroke changes to large-scale functional brain organisation 

(Hannan et al., 2023). Lesion‑network mapping has emerged as a tool for this purpose, using 

normative connectomes to estimate how a specific infarct might 'disconnect' functional networks 

(Boes et al., 2015; Fox, 2018). Lesion‑network mapping has been used to link network disruption to 

cognitive symptoms (Fox, 2018; Pini et al., 2021), including mind-wandering, impaired face 

recognition, and sensory processing (Philippi et al., 2020; Cohen et al., 2019; Schlemm et al., 2023). 

However, the success of this approach has been inconsistent across studies (Souter et al., 2022; Zhao 

et al., 2023; Salvalaggio et al., 2020; Pini et al., 2021) and important limitations of lesion‑network 

mapping have been identified: i) it measures direct disconnections, potentially ignoring shifts in 

functional interactions among brain areas not directly connected to the lesion (Pini et al., 2021); ii) it 

often identifies extensive networks but fails to pinpoint which aspects of altered connectivity are 

causally related to symptoms (Boes, 2021); and iii) it treats connectivity as a unidirectional 

magnitude, overlooking the dynamic ways that regions reorganise their network activity over time. 

For example, stroke may induce changes in specific functional relationships, leaving other aspects of 

connectivity for the same regions intact. 

To move beyond traditional disconnection models of semantic impairment, we use lesion–

gradient mapping, a relatively novel method for characterising the complex macroscale organisation 

of the cortex (Bayrak et al., 2019). This approach leverages connectivity gradients (Margulies et al., 

2016), which describe the cortex not as a set of discrete regions but as a continuous landscape of 

functional transitions. By projecting the brain into a low-dimensional functional “gradient space,” 

each cortical region can be assigned coordinates along multiple axes of functional variation. This 

allows us to track a region’s functional identity—how it maintains its distance from primary sensory 

systems or interfaces with high-level transmodal hubs—and to examine how these properties are 
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altered following stroke. Unlike traditional seed-based or network-based approaches, the gradient 

framework avoids the need to predefine regions of interest. It also allows individual regions to 

contribute to multiple functional relationships across different cognitive states. By emphasising the 

dominant, large-scale axes of brain organisation, this method potentially provides a more sensitive 

measure of how a focal lesion can shift the global "position" of structurally spared tissue in the 

connectivity landscape. 

In this study, we compare connectivity gradients for people with SA to age-matched healthy 

controls, with the aim of identifying post-stroke changes in intrinsic connectivity associated with 

semantic impairment in this group. We focus on the top two gradients that explain the most variance, 

since individual differences in semantic cognition have been linked to individual differences in both 

of these dimensions (Shao et al., 2022). The principal gradient captures a continuum from unimodal to 

heteromodal cortex, with primary sensory–motor regions at one end and default-mode regions at the 

other. It also reflects the orderly arrangement of major functional networks (Margulies et al., 2016), 

and individual differences along this axis relate to the efficiency of controlled semantic retrieval 

(Shao et al., 2022). During semantic retrieval, the semantic control network shifts its position along 

this gradient—showing greater similarity to the transmodal end for strong associations and to the 

unimodal end for weak associations (Gao et al., 2022), consistent with its role in shaping access to 

task-relevant conceptual features. The second gradient describes an orthogonal axis separating visual 

from auditory–motor connectivity patterns (Margulies et al., 2016), and variation along this dimension 

relates to picture‑ versus word‑based semantic performance (Shao et al., 2022). Alterations to either 

gradient following stroke may therefore influence semantic cognition. Although Bayrak et al. (2019) 

examined stroke‑related changes in connectivity gradients at a global level, they did not assess how 

these alterations relate to cognitive outcomes. 

We use two previously published datasets of patients with semantic aphasia (Souter et al., 

2022; Hallam et al., 2018) to ask whether structural MRI, which is commonly available in clinical 

settings, can be used to simulate stroke-induced changes in connectivity gradients, in place of resting-

state fMRI, which is not routinely collected as part of clinical practice. We attempt to validate the 

simulated gradients in two ways: Phase 1 (N = 8), a proof-of-principle analysis, compares simulated 

connectivity gradients (derived from lesion data) with actual gradients extracted from resting-state 

fMRI in the same individuals. Phase 2 (N = 21) tests whether simulated gradient changes predict the 

severity of the semantic impairment in a group of SA patients. We simulate lesion effects on 

functional gradients by identifying each cortical lesion’s shape, size, and location from structural 

MRI, and then model the expected disruption to functional connectivity gradients using a healthy 

control connectome (N = 39), in a fashion conceptually similar to lesion-network mapping.  While 

lesion-gradient mapping could be applied to other stroke-related impairments (e.g., motor, 

phonological, fluency, or attentional deficits), here we focus on semantic aphasia as a test case given 



Page | 48  

 

previous research has linked gradient organisation to semantic cognition (Shao et al., 2022; Gao et al., 

2022).  

 

2.3.  Methods 

2.3.1.  Overview 

In Phase 1, as a proof-of-principle in a small sample, we asked whether changes in brain connectivity 

gradients seen in patients’ resting-state fMRI scans after stroke correlate with changes that can be 

predicted from their lesions using structural MRI data. This comparison assesses how accurately 

simulated cortical gradients can capture key changes to dimensions of connectivity following stroke. 

To estimate gradient changes in stroke survivors, we used a functional cortical parcellation, calculated 

the proportion of each parcel that was damaged by the lesion, considered the extent to which each 

pair of parcels was intact, and then reduced the strength of the functional connectivity matrix for each 

pair of parcels by this value and computed the impact of this reduction on connectivity gradients. This 

approach is conceptually similar to other methods in which lesion data is used to simulate changes in 

connectivity – for example, structural disconnection analyses take lesioned regions and estimate 

which white matter pathways are likely to be disrupted by a pattern of brain injury (Jiang et al., 2023; 

Thiebaut de Schotten et al., 2020), while lesion-network mapping uses lesions from structural MRI as 

seeds in functional connectivity analysis to model possible network disruption (Fox, 2018; Pini et al., 

2021). In such studies, the distant and distributed effects of focal lesions are simulated using 

normative connectome data to predict the impact of stroke. Here, we estimate how lesions affect two 

principal dimensions of functional connectivity, Gradients 1 and 2. In Phase 2, we use simulated 

changes in these gradients, derived from structural MRI lesion data, to predict semantic control 

deficits. This allows us to test whether structural MRI, which is far more widely available than 

functional MRI in stroke survivors, can be used to predict cognitive outcomes in patients with left-

hemisphere stroke.  

2.3.2.  Participants 

A total of twenty‑one stroke patients (9 females; mean age: 62.2 ± 11.9 years) participated in this 

research. All participants were right‑handed native English speakers who were at least 6 months post-

stroke (mean duration: 6.7 ± 5.5 years). Inclusion criteria were an infarction in the left hemisphere and 

a confirmed impairment in semantic control. Patients who were undergoing rehabilitation at the time 

of testing, had a history of traumatic brain injury, or had suspected or confirmed neurodegenerative 

disorders were excluded. On average, the patients left formal education at 16.3 ± 1.5 years of age. The 

analysis was conducted in two parts: Phase 1 (validation subset) included a subset of eight patients (5 

females; mean age: 58.6 ± 11.6 years) who had both resting‑state fMRI and structural MRI. This 
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sample was used to compare empirical connectivity gradients with those simulated from structural 

lesion data. In Phase 2, the full cohort of 21 patients was used to test whether simulated gradient 

changes predicted the severity of semantic impairment.  A sample of 39 healthy controls (22 females; 

mean age: 66.8 ± 6.9 years) was used for comparison with the patients in both phases. The study was 

approved by the York Neuroimaging Centre Research Ethics Committee.  

2.3.3.  Semantic cognition testing 

Patients were identified on the basis of impaired performance on at least one verbal and one 

non-verbal measure of semantic cognition. Four tasks were used for screening: word and picture 

versions of the Camel and Cactus Test (CCT), the non-verbal Alternative Object Uses task (Corbett et 

al., 2011) and comprehension of subordinate meanings of ambiguous words (Noonan et al., 2010). 

Individual scores are presented in Table 2.1; impairment was defined as performance more than two 

standard deviations below the healthy control mean (Thompson et al., 2017; Corbett et al., 2009).  

Camel and Cactus Test (CCT) (Adlam et al., 2010): Participants selected which of four items was 

semantically associated with a probe. Control demands were high because participants had to ignore 

strong but irrelevant relationships among response options. Sixteen patients were impaired on the 

word version and ten on the picture version. Alternative Object Use (Corbett et al., 2011): Participants 

selected an object to perform a specific action (e.g., “crack a nut”). Canonical trials used typical 

objects (e.g., a nutcracker), while alternative trials required access to non-dominant object knowledge 

(e.g., a hammer), placing higher demands on semantic control. Twenty patients completed this task; 

19 were impaired on the alternative use trials (scoring below the control-derived cut-off), while 

performance was significantly higher on canonical trials [Mean (SD) = 92.7% (7.5) vs. 59.5% (19.7)]. 

Ambiguity Task: Participants matched words with ambiguous meanings to a probe (e.g., 

"bank"), in the uncued version of this task from Noonan et al. (2010). The dominant condition 

involved the more common meaning, while the subordinate condition required retrieval of the less 

frequent meaning and both versions of the task involved suppressing irrelevant interpretations. 

Twenty of 21 patients were impaired on dominant trials, and all 21 were impaired on subordinate 

trials. Given the near-universal impairment across both conditions, the average score across dominant 

and subordinate trials was used for subsequent analyses. 

To derive a single factor representing semantic cognition, a Principal Component Analysis 

(PCA) was performed. The Alternative Object Use task was excluded from the PCA because one 

patient did not complete it. The remaining scores (CCT words, CCT pictures, and the ambiguity 

average) were highly correlated (CCT word–picture r = 0.83; CCT word–ambiguity r = 0.95; CCT 

picture–ambiguity r = 0.96; all p < 0.001). PCA with oblique rotation yielded a single component 

(eigenvalue = 2.6) explaining 87% of the variance (loadings: CCT words = 0.95; CCT pictures = 0.92; 

ambiguity = 0.92). To ensure the robustness of this composite score, we checked for outliers using the 
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interquartile range (IQR) criterion; there were no scores falling more than 1.5 times the IQR above the 

third quartile or below the first quartile. This semantic composite score was used as the behavioural 

dependent variable in the Phase 2 lesion-gradient mapping analysis. 

2.3.4.  MRI acquisition: Stroke patients and aged controls 

Whole-brain resting-state functional MRI images were acquired for both stroke patients and aged 

controls using a 3T GE HDx scanner equipped with an eight-channel phased array head coil. For the 

stroke patients, a GE-EPI (Gradient-Echo Planar Imaging) sequence was used with the following 

acquisition parameters: repetition time (TR) = 3s, echo time (TE) = minimum full, flip angle = 90°, 

field of view = 19.2 cm (matrix size = 64 x 64), 60 interleaved slices per volume with a slice thickness 

of 3 mm, voxel size = 3x3x3 mm³, total volumes = 180, and a scan duration of 9 minutes. For the 

aged controls, a single shot 2D gradient echo planar imaging sequence was used with similar 

parameters, including TR = 3s, TE = minimum full, matrix size = 64 x 64, 60 slices, and voxel size = 

3x3x3 mm³, with 180 volumes. Participants were instructed to fixate on a black fixation cross on a 

grey background during the scan. For both groups, T1-weighted structural images were acquired using 

a 3D fast spoiled gradient echo sequence: the acquisition parameters for the stroke patients included 

TR = 7.8 ms, TE = minimum full, flip angle = 20°, matrix size = 256 x 256, 176 slices, and voxel size 

= 1.13 x 1.13 x 1 mm, while the structural scan for the aged controls included 178 slices.   
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Table 2.1. Semantic performance scores for Camel and Cactus test and Ambiguity task 

Patient 

ID 

Object Use Camel and Cactus Test                            Ambiguity

  

Alternative Canonical Word Picture No Cue Dominant No Cue Subordinate 

P01 24                            35 54 54 26                                        23 

P02 NT                            NT   41 46 19                                        10 

P03 12                            30 42 44 21                                        13 

P04 9                              31 16 15 11                                        10  

P05 13                            31 33 13 23                                        10 

P06 24                            37 39 36 23                                        13 

P07 31                            37 60 61 29                                        24 

P08 22                            35 56 61 25                                        16  

P09 21                            35 53 56 22                                        14 

P10 14                            29 29 45 24                                        14 

P11 22                            33 57 54 27                                        19 

P12 13                            31 43 44 18                                           9 

P13 32                            37 56 61 27                                         21 

P14 26                            37 61 53 28                                         21 

P15 14                            32 39 31 22                                         11 

P16 27                            37 48 51 25                                         18    

P17 22                            35 52 57 26                                         17 

P18 29                            37 60 61 28                                         19 

P19 24                            33 50 59 27                                         17 

P20 34                            37 59 45 24                                         19 

P21 27                            37 48 54 23                                         19 

Mean 22                            34.4 47.4 47.7 23.7                                      16.1 

Cut off 33.7                         35.9 56.6                           52.7 28.4                                       27.6 

NT = Not available for testing. Poor semantic performance scores were observed in the object use 

task, the word and picture versions of the CCT, and in both the dominant and subordinate trials of the 

ambiguity task, shown in bold numbers. 

 

2.3.5.  Lesion segmentation 

Brain extraction and lesion segmentation were performed in native space. The brains were extracted 

using ANTs (Advanced Neuroimaging Toolkit), utilising a template from the OASIS brain project 

(https://www.oasis-brains.org/; Marcus et al., 2010) based on the patients’ T1‑weighted volumes. 
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Lesions were manually segmented using MRIcron. We used a combination of the 3D fill feature and 

subsequent slice‑by‑slice validation. While delineating the lesions, care was taken to avoid including 

enlarged sulci or ventricles; instances where these were incorrectly included by the 3D tool were 

identified through visual inspection, cross‑referencing axial, coronal, and sagittal views. After 

segmentation, the native‑space T1 images were registered to MNI152 space using ANTs linear 

registration (version 2.1.0; Avants et al., 2011, 2014), which employs a symmetric normalization 

model. The following default parameters were used: aligning centres and orientations, followed by an 

affine transformation accounting for scaling factors, with optimisation of the cost function (Avants et 

al., 2011). Lesions were not included in the cost function during registration, consistent with standard 

PLORAS procedures (Seghier et al., 2016). The resulting transformation matrix was then applied to 

the lesion masks to bring them into template space. 

2.3.6.  Resting-state fMRI data preprocessing 

The resting‑state fMRI data from both stroke participants and age‑matched controls were 

preprocessed using the CONN toolbox (v.18b; Whitfield‑Gabrieli and Nieto‑Castanon, 2012) 

implemented in Matlab R2018a. CONN’s default preprocessing pipeline was employed, including 

motion estimation and correction by volume realignment with a six‑parameter rigid‑body 

transformation, slice‑time correction, and simultaneous segmentation and normalisation of white 

matter, grey matter, and cerebrospinal fluid to MNI152 stereotactic space (2 mm isotropic voxel size) 

for both functional and structural scans. Functional and structural images were normalised using 

CONN’s unified segmentation and normalisation procedure, which estimates tissue classes and spatial 

transformations jointly. After preprocessing, potential confounds were statistically controlled for, 

including the six motion parameters and their first and second derivatives, volumes with excessive 

motion (greater than 0.5 mm) or global signal changes (z > 3), linear drifts, and five principal 

components from white matter and CSF signals (CompCor method; Behzadi et al., 2007). Time series 

were then band‑pass filtered between 0.01 and 0.1 Hz. Global signal regression was not performed. 

All participants exhibited mean head motion below 0.35 mm; therefore, no participants were excluded 

from further analyses. 

2.3.7.  Whole-brain functional connectivity 

The functional connectivity matrix for each participant was extracted after preprocessing and 

denoising the resting-state data. First, we extracted the mean functional time series for each of the 400 

parcels from the Schaefer parcellation (Schaefer et al., 2018) 

(https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/brain_parcellation/Schaefer201

8_LocalGlobal). These 400 ROIs were assigned to the seven networks from an influential whole-brain 

parcellation (Yeo et al., 2011) based on their overlap. The Schaefer parcellation provides a 

standardized framework for functional connectivity analysis, capturing the organization of resting-
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state networks while preserving homogeneity and aligning with histological boundaries (Yan et al., 

2023). Subsequently, for each participant, a 400 × 400 functional connectivity matrix was generated 

by computing the Pearson correlation between the mean time series of each ROI and all other ROIs. 

At this stage, lesioned ROIs were not removed; instead, a complete functional connectivity matrix is 

necessary to extract connectivity gradients. We assume that lesioned parcels do not contribute 

significantly to explaining the variance in functional connectivity patterns and therefore do not 

influence the gradient structure. However, lesioned parcels were masked out in subsequent analyses to 

examine connectivity‑gradient changes in the unlesioned brain. Individual functional connectivity 

matrices were subjected to Fisher Z-transformation and averaged to obtain a group-level connectivity 

matrix. 

2.3.8. Functional connectivity gradient extraction  

Using the BrainSpace toolbox (Vos de Wael et al., 2020), we extracted connectivity gradients from 

functional connectivity matrices parcellated with the Schaefer-400 atlas (Schaefer et al., 2018). Ten 

individual-level gradients were computed for each stroke patient, while ten group-level gradients were 

derived from the group-averaged connectivity matrix of the aged controls. Connectivity matrices were 

thresholded at 90% sparsity (retaining the top 10% of weighted connections per row), transformed 

with a normalized angle kernel, and projected into a low-dimensional space using diffusion map 

embedding.  To ensure comparability across the sample, the group-level control gradients and 

individual patient gradients were aligned via Procrustes rotation to canonical reference gradients 

derived from Human Connectome Project (HCP) data (n = 217; 122 women; mean ± SD age = 28.5 ± 

3.7 years; see Vos de Wael et al., 2018). This orthogonal transformation (rotation and reflection, with 

scaling) achieves maximum correspondence between matrices while preserving the underlying 

subject-specific connectivity geometry (Goodall, 1991; Siegel et al., 2017). Aligning gradients in this 

way provides a standardized coordinate system that increases the interpretability of stroke-related 

shifts relative to a normative reference space (Gonzalez Alam et al., 2021; McKeown et al., 2020). 

Although we extracted ten gradients to improve the mathematical correspondence with canonical 

solutions (Margulies et al., 2016), our analyses focused on the first two gradients, as they explain the 

greatest variance and characterise primary patterns of functional variation linked to semantic 

cognition. 

2.3.9.  Simulated post-stroke gradients  

We simulated the effects of stroke on connectivity gradients using structural lesion data. For each 

participant with semantic aphasia, we created a simulated functional connectivity lesion matrix to 

model the impact of stroke on parcel-to-parcel connectivity, using segmented lesion maps derived 

from T1-weighted images (see Figure 2.1). The steps were as follows: 1) The segmented, binarised 

lesion map for each patient was multiplied by the Schaefer parcellation (400 parcels assigned to 7 Yeo 
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networks; Yeo et al., 2011) using FSL’s fslmaths tool, aligning the lesion map to the Schaefer 

parcellation template. This step identifies which parcels are affected by the lesion and computes the 

proportion of each parcel that is damaged (lesion load). These lesion load values were then used to 

estimate the amount of spared tissue in each parcel for subsequent modelling of connectivity changes. 

2) The proportion of tissue in each parcel spared by the lesion (i.e., the complement of the parcel) was 

extracted, producing 400 values that indicate the amount of intact brain tissue in each parcel after 

stroke. 3) A 400 x 400 lesion matrix was then constructed by multiplying each spared tissue value by 

every other value in the set (calculate the pairwise products of all elements), so that each entry in the 

matrix represents the estimated connectivity between two parcels based on the amount of intact tissue 

in both (See Supplementary Figure 2.S1 in the supplementary material for the steps involved in the 

generation of the lesion matrix). This estimates the connectivity between intact tissue in each parcel 

and all other parcels, resulting in a 400 x 400 matrix. 4) Each lesion matrix was then multiplied 

element‑wise with the 39 functional connectivity matrices from the aged control group to simulate the 

functional disruption caused by each lesion. The underlying assumption is that a fully intact parcel 

maintains its normal level of functional connectivity across the cortex, and that partial damage 

reduces this capacity proportionally to the amount of spared tissue. For example, if a parcel retains 

50% intact tissue, its effective contribution to functional connectivity is modelled as 0.5; if two 

parcels each retain 50% intact tissue, their joint capacity to maintain a connection is modelled as 

0.5 × 0.5 = 0.25. The aim of this step was to model how introducing a lesion affects functional 

connectivity in a healthy brain, thereby isolating the direct effects of the lesion independently of other 

neurological conditions present in patients’ brains. This operation generated 39 simulated versions of 

how each lesion could impact the brain’s functional connectivity pattern. This approach is 

conceptually similar to established lesion‑network‑mapping methods, which estimate a lesion’s 

network connectivity in a normative connectome to generate a disconnection map capturing how each 

lesion affects network organisation (e.g., Fox, 2018; Boes et al., 2015). 5) We computed the element-

wise average of these 39 simulated matrices for each lesion, providing an overall estimate of the 

lesion’s impact on functional connectivity. 6) Finally, simulated post-stroke gradients were extracted 

using the average simulated functional connectivity lesion matrix for each lesion, following the same 

methods used for the extraction of the stroke gradient from the resting state data described above. 

These individual-level simulated gradient maps for each lesion were aligned to the group-level 

gradients using Procrustes rotation, resulting in ten individual-level simulated lesion gradients for 

each lesion. These gradients demonstrated significant variance in whole-brain connectivity in 

descending order. 

 



Page | 55  

 

 

Figure 2.1. Processing pipeline for simulated post-stroke gradients for each lesion.  A) The 

T1-weighted brain map for each lesion was multiplied by the Schaefer parcellation (400 

parcels) to identify lesioned parcels. Lesion complements were then estimated from the 

lesioned parcels for each lesion. B) Lesion complement values were used to generate lesion 

matrices. C) Resting-state data from each aged control subject were pre-processed 

individually. D) A connectivity matrix for each control was generated by computing the 

Pearson correlation between the mean time series of each of the 400 ROIs, resulting in a 400 

× 400 connectivity matrix per participant. E) Each lesion matrix was element-wise multiplied 

with the 39 individual functional connectivity matrices from the aged control group. F) For 

each lesion, the 39 simulated functional connectivity lesion matrices were averaged to create 

a single lesion-specific average matrix. G) Simulated post-stroke gradients were then 

extracted for each lesion using this average simulated functional connectivity lesion matrix. 

 

2.3.10.    Post-stroke gradient differences 

To isolate stroke-specific effects, we generated gradient difference maps by subtracting the individual 

post-stroke gradients from the group-averaged aged-control template. By removing the shared 

normative gradient structure, these difference maps highlight the functional displacement that is 

specifically attributable to the stroke rather than baseline organisational features common to the 

healthy connectome. This subtraction procedure was applied to both observed and simulated 
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gradients, providing a standardised basis for evaluating the accuracy of our simulation approach and 

its relationship to behavioural impairment. 

2.3.11.     Phase 1: Statistical analyses 

We used spin permutation testing to evaluate how accurately the simulated post-stroke gradient 

changes captured the effects of stroke in each participant with aphasia. This method addresses spatial 

autocorrelation—an innate property of brain imaging where nearby regions exhibit more similar 

activity than distant regions (Alexander-Bloch et al., 2018; White et al., 2022). Spin permutation tests 

were conducted on post-stroke gradient difference maps, comparing each lesion’s observed and 

simulated stroke effects, using the Neuromaps Python library (Markello et al., 2022). First, 

Neuromaps converted the post-stroke difference maps from MNI152 volumetric space to cortical 

surface space. Next, a set of N=5000 randomised rotated versions of the simulated gradient maps were 

generated by applying spherical rotations (“spins”) to the data, creating a null distribution of 

simulated gradient maps that preserve spatial autocorrelation. For each permuted simulated map, the 

Pearson correlation with the observed gradient difference map was calculated, producing a null 

distribution of correlation coefficients. The observed correlation between the actual simulated and 

observed maps was then compared against this null distribution to obtain a p-value, assessing the 

significance of their correspondence while accounting for spatial dependencies. To ensure that 

findings were not driven by missing tissue, lesioned parcels were excluded from both observed and 

simulated gradient difference maps prior to spin-permutation testing. 

2.3.12.     Phase 2: Statistical analyses 

Phase 2 focused on two research questions: what are the post-stroke changes in functional 

connectivity captured by simulated gradients and are there any associations between the simulated 

post-stroke gradient changes and semantic impairment? We used a general linear model (GLM) to 

examine the association between stroke-induced simulated gradient changes and semantic cognition. 

We refer to this approach as lesion–gradient mapping. For each patient, the simulated difference 

gradient maps were entered into the model with the semantic composite score as the primary 

covariate. We also entered lesion size, age, and post-stroke duration as covariates of no interest. 

Nonparametric t‑tests were performed in Randomise (Winkler et al., 2014; 

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise/UserGuide), using 5000 permutations. Analyses were 

conducted both across the whole-brain, to capture distributed disruptions in SA, and within a targeted 

semantic control mask (Jackson, 2021).To ensure results were driven by functionally reorganised 

rather than missing tissue, we excluded voxels damaged in more than 25% of the sample from the 

whole-brain mask and masked out all lesioned voxels from the ROI analysis (see Figure 2.5A). 

Output images from the nonparametric t-tests were thresholded at 0.95 to visualise regions 

significantly associated with behaviour at p < 0.05. Randomise produces TFCE-corrected 1–p maps, 
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with values closer to 1 indicating stronger statistical evidence. We therefore thresholded the 1–p 

images at 0.95 to visualise the significant clusters (p < 0.05). We also performed lesion–symptom 

mapping to investigate the association between lesion location and semantic control deficits. A 

general linear model was constructed, similar to the lesion–gradient mapping analysis, in which 

binarised lesion maps and the semantic composite score were entered as variables of interest, and the 

same covariates of no interest (lesion size, age, and post-stroke period) were included. This analysis 

was also implemented using nonparametric t-tests in Randomise (Winkler et al., 2014) with 5000 

permutations. Threshold-Free Cluster Enhancement (TFCE) was used to identify significant lesion 

clusters. The same thresholding approach used in lesion–gradient mapping was applied here: 

significance was defined as p < 0.05 (FWE-corrected), visualised using thresholded 1–p maps with a 

0.95 cut-off. 

 

2.4. Results 

2.4.1.  Lesion Analysis 

 For the 8 patients with left frontal and temporal infarcts included in Phase 1, the maximum lesion 

overlap within grey matter was in the left insular and central opercular cortex (damaged in 6 out of 8 

patients; Figure 2.2A).  Figure 2.2B shows the grey-matter lesion overlap map for the 21 cases 

included in Phase 2; more than half had infarcts in the left insular cortex, lateral occipital cortex, and 

inferior frontal gyrus (IFG), with the maximum lesion overlap in the left middle frontal gyrus. Details 

of lesion location and lesioned voxels for participants included in both phases of the study are 

provided in the supplementary materials (Supplementary Table 2.S1). 
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Figure 2.2. Lesion overlap maps. (A) Overlap map of stroke lesions in Phase 1 (N = 8). (B) 

Overlap map of lesions in Phase 2 (N = 21). Binary lesion maps were generated using 

FSLmaths (Jenkinson et al., 2012) and displayed in MNI space with MRIcroGL. Brighter 

colours indicate a greater degree of lesion overlap across stroke patients. 

 

2.4.2.  Phase 1: Effects of stroke on connectivity gradients extracted from resting-state fMRI 

Phase 1 compared observed changes in intrinsic connectivity gradients derived from resting-state 

fMRI in semantic aphasia with changes predicted from structural MRI only using information about 

the lesion. Empirical and simulated gradient changes in SA were both estimated by comparing the 

gradients for each stroke participant with the average gradient in age-matched controls. We first 

extracted Gradients 1 and 2 from resting-state fMRI data for the patients and age-matched controls, as 

shown in Supplementary Figure 2.S2. Both groups showed a principal gradient (i.e., Gradient 1) 

which captured the separation of heteromodal from unimodal cortex, and a second gradient that 

distinguished between visual and auditory-motor cortex, as described by Margulies et al. (2016).  

The left-hand panel in Figure 2.3 illustrates these empirical gradient changes for the eight 

participants in Phase 1. Although this limited subset is not intended to provide a generalisable map of 

stroke effects, a distinct pattern of reorganisation emerged (Koba et al., 2025) that served as our target 

for simulation. Regions in warm colours depict areas where patients had lower values than controls 

(i.e. positive values following the subtraction of patients from controls); conversely, regions shown in 

cool colours depict areas where patients had higher values than controls. For Gradient 1 (transmodal-
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unimodal), transmodal regions of the default mode and frontoparietal networks which normally 

anchor the upper end of Gradient 1 (including lateral temporal, and lateral and medial prefrontal and 

parietal cortices, highlighted in warm colours), shifted toward more unimodal-weighted positions 

(Figure 2.3, top left). This movement indicates that these higher-order regions no longer maintain 

their characteristic functional distance from sensory-motor systems. Simultaneously, unimodal 

regions such as the motor cortex and insula shifted toward the transmodal end. This convergence 

suggests a 'compression' of the principal gradient axis and a loss of functional differentiation along 

this axis post-stroke. However, this compression of Gradient 1 was not found in all cortical regions: 

medial visual regions typically located at the extreme unimodal end shifted even further toward this 

pole post-stroke, exaggerating their usual position. Gradient 2 showed a similar reduction in 

differentiation, with decreased separation between visual and motor regions relative to age-matched 

controls (Figure 2.3, bottom left), indicating that the functional distinction between unimodal systems 

was also compromised. 

2.4.3.  Phase 1:  Comparisons of gradient changes in resting-state fMRI and simulated from 

structural MRI 

To validate our simulation approach, we used spin permutation tests to compare the average simulated 

gradient changes with those observed in resting-state fMRI data. At the group level, Gradient 1 

showed a significant correlation between empirical and simulated gradient changes (r = 0.63, 

p = 0.0004), indicating that the simulation successfully captured functional reorganisation along the 

primary axis. However, Figure 2.3A shows that lateral visual cortex shifted toward the heteromodal 

end of Gradient 1 in the observed data, whereas the simulated gradients (Figure 2.3B) did not 

reproduce this specific shift. Gradient 2 showed a weaker, though still significant, correlation 

(r = 0.20, p = 0.03). Both the observed data and the simulations showed a shift toward the motor end 

of Gradient 2 in medial and lateral visual cortex after stroke. However, the shift of motor cortex 

toward the visual end of Gradient 2, evident in the resting-state fMRI data, was not captured by the 

simulated gradients. 

Next, for each individual lesion, the correspondence between observed post-stroke gradient 

changes and simulated post-stroke gradient changes was estimated using spin permutations, and the 

results for each gradient are reported in Table 2.2. Spatial correlations between observed and 

simulated post-stroke changes were significant in 7 out of 8 cases for Gradient 1 (individual r values = 

0.20–0.62; group mean = 0.423; SD = 0.145). For Gradient 2, significant correlations were found in 5 

out of 8 SA patients (individual r values = –0.33–0.42; group mean = 0.153; SD = 0.218). These 

analyses suggest that the simulation captured Gradient 1 effects moderately well, whereas 

correspondence was lower for Gradient 2.  
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Figure 2.3. Post-stroke changes in connectivity gradients. (A) Post-stroke changes in 

Gradients 1 and 2 derived from resting-state fMRI data, comparing semantic aphasia (SA) 

patients with age-matched controls. (B) Simulated post-stroke changes in Gradients 1 and 2 

derived from lesion data. The maps depict stroke-related effects by computing the difference 

between either observed or simulated gradients in each SA patient and the corresponding 

gradients of age-matched controls. Warm colours indicate regions where patients had lower 

gradient values than controls, whereas cool colours indicate regions where patients had 

higher gradient values than controls. 
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Table 2.2. Lesion location, size and spin permutation results for Gradient 1 and Gradient 2  

ID  Lesion Location Lesion 

Volume(voxel) 

Spin permutation 

results for Gradient 

1 

Spin permutation 

results for Gradient 2 

09 Inferior frontal gyrus 

Parietal operculum cortex 

Angular gyrus  

762 r = 0.62 (p = 0.001) r = -0.3266 (p =0.009) 

10  Middle frontal gyrus 

Inferior frontal gyrus 

Frontal operculum cortex 

Temporal lobe 

Angular gyrus 

Lateral occipital cortex 

14491 r = 0.46 (p = 0.001) r = 0.1036 (p = 0.55) 

11 Frontal orbital cortex 

Insular cortex 

Central opercular cortex 

Inferior frontal gyrus  

7318 r = 0.34 (p = 0.001) r = 0.25 (p =0.048) 

13 Frontal orbital cortex 

Insular cortex 

Central opercular cortex 

Postcentral gyrus 

4307 r = 0.432 (p = 

0.001) 

r = 0.2543 (p =0.0039) 

14 Insular cortex 16 r = 0.2 (p = 0.263) r = 0.42 (p = 0. 0011) 

15  Temporal pole 

Insular cortex 

Central opercular cortex 

Postcentral gyrus 

2286 r = 0.55 (p = 0.001) r = 0.11 (p =0.39) 

17 Postcentral gyrus 

Lateral occipital cortex 

592 r = 0.266 (p = 

0.019) 

r = 0.222 (p = 0.072) 

18 Frontal pole 

Temporal pole 

Frontal orbital cortex 

Insular cortex 

3700 r = 0.522 (p = 

0.0019) 

r = 0.189 (p = 0.0383) 
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2.4.4. Phase 1: Association between lesion size and the level of similarity captured by the 

simulation 

We examined whether the similarity between simulated and observed post-stroke gradient changes 

was influenced by lesion size. To test this, we assessed the relationship between lesion size and the 

simulation accuracy (estimated by the spatial correlations from spin permutation tests between 

empirical and simulated post-stroke gradient changes) for each gradient separately using Spearman’s 

rank correlation coefficient. Because of the small sample size and data that were not normally 

distributed, this correlation was evaluated using a subject-level permutation test. The relationship 

between lesion size and simulation accuracy was randomly permuted across all possible pairings 

(8! = 40,320 permutations), and the Spearman correlation was recomputed for each permutation to 

generate a null distribution. This analysis indicated that simulation accuracy was not dependent on 

lesion size for either gradient (Gradient 1: r = 0.24, permuted p = 0.582; Gradient 2: r = –0.21, 

permuted p = 0.619) (Figure 2.4). 

 

 

Figure 2.4. Relationship between lesion size and simulation accuracy. Scatter plots showing 

the association between lesion size and simulation accuracy, quantified as the spatial 

correlation between observed and simulated post-stroke gradient changes. The x-axis 

represents simulation accuracy (spatial correlation), and the y-axis represents lesion size on 

a logarithmic scale. Each point corresponds to a single lesion. (A) Gradient 1. (B) Gradient 

2. 
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2.4.5.  Phase 2: Post-stroke simulated gradient changes compared with healthy controls 

Phase 1 suggests that post-stroke gradient changes in SA patients can be simulated, at least to some 

extent, using structural MRI, with significantly higher accuracy for the principal gradient (Gradient 1) 

than for the second axis (Gradient 2). Next, we asked if this method could identify consistent patterns 

of reorganization across a larger sample of 21 SA patients who only had structural MRI available. 

Permutation tests were performed on difference maps representing the predicted impact of each 

patient's lesion (calculated as the shift from the healthy control mean). These analyses revealed areas 

of significant gradient change in SA patients versus controls that were reliable across the group 

(Figure 2.5). For Gradient 1, transmodal regions including the inferior frontal gyrus, anterior temporal 

pole, middle temporal gyrus, angular gyrus, precuneus and posterior cingulate cortex showed a 

significant shift towards the unimodal end following stroke. Visual cortex also showed a shift toward 

the unimodal end of Gradient 1, although Phase 1 suggests these simulated gradient changes may not 

be accurate. Conversely, motor cortex and some auditory regions showed a shift toward the 

transmodal end. These patterns indicate that in a larger group of 21 SA cases, simulated changes in 

connectivity gradients consistently show reduced separation between the unimodal and transmodal 

ends of the principal gradient, similar to Phase 1, although some brain regions show conflicting 

effects. Parallel analyses were conducted for Gradient 2 (auditory-motor-to-visual), which suggested a 

shift in visual and motor regions toward a more motor-like connectivity profile. However, given the 

lower simulation accuracy for this axis identified in Phase 1, these results are provided in the 

Supplementary Materials (Supplementary Figure 2.S3). 

 

Figure 2.5. Permutation test results for Gradient 1 and lesion distribution. (A) Regions 

showing significant post-stroke changes in Gradient 1. Warm colours indicate areas where 

patients had significantly lower gradient values than controls, whereas cool colours indicate 

areas where patients had significantly higher values. Clusters correspond to thresholded 1 − 

p images (cut-off = 0.95). (B) Lesion distribution map showing all lesioned voxels across the 

21 semantic aphasia (SA) patients. 
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2.4.6.  Phase 2:  Association between simulated gradient changes and semantic impairment in 

the semantic control network 

To examine whether post-stroke simulated changes in Gradient 1 are associated with deficits in 

semantic cognition, we performed nonparametric t-tests using FSL’s Randomise (Winkler et al., 

2014), with 5000 permutations. The model included the semantic cognition composite score, as well 

as lesion size, age, and post-stroke period as covariates of no interest. The analysis was restricted to 

the semantic control network ROI (Jackson, 2021), from which all lesioned voxels were removed (see 

Figure 2.6A). The results revealed a cluster in the left inferior frontal gyrus (IFG) that was 

significantly associated with poor semantic performance (p = 0.05, corrected for multiple comparisons 

via non-parametric permutation testing; Figure 2.6B). To understand the nature of this effect, we 

extracted the gradient values of the left IFG cluster from the simulated post-stroke gradient difference 

maps and examined the association with semantic deficits.  The scatterplot in Figure 2.6C shows that 

poorer semantic performance was associated with a larger shift toward the unimodal end of Gradient 

1. Since left IFG typically falls towards the transmodal end of the principal gradient, a loss of 

transmodal "identity" in this region is a key predictor of semantic deficits. We focussed this analysis 

on Gradient 1 because it was simulated with high accuracy in Phase 1 and because changes within the 

semantic control network for this gradient have been associated with flexible semantic cognition in 

previous studies (Gao et al., 2022; Wang et al., 2020). 
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Figure 2.6. Semantic control network ROI analysis. (A) Semantic control network mask used 

for the ROI analyses, with all lesioned voxels removed. (B) Permutation test results within the 

semantic control network mask showing a significant cluster in the left inferior frontal gyrus 

(IFG) associated with poorer semantic performance (top panel). In aged controls (bottom 

panel), this region is positioned toward the default mode network (DMN) end of the principal 

gradient. Clusters correspond to thresholded 1 − p images (cut-off = 0.95). (C) Scatter plot 

showing the association between semantic performance and the direction of shift along the 

principal gradient in the left IFG cluster. 

 

2.4.7.  Phase 2: Whole-brain associations between simulated gradient changes and semantic 

impairment 

We conducted exploratory whole‑brain analyses for both Gradients 1 and 2 but no effects were 

identified. We also performed lesion-symptom mapping to identify lesion locations associated with 

semantic impairments in the SA group; however, no significant voxels were linked with semantic 

control deficits. This suggests that, at least in some circumstances, lesion-gradient mapping may be 

able to recover associations with cognitive outcomes even when lesion-symptom mapping produces 

null results. 
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 2.5. Discussion 

This study suggests that patients with semantic aphasia (SA) have altered functional connectivity 

gradients compared to age-matched controls, and that these changes predict semantic impairment. 

Phase 1 compared connectivity gradients extracted from resting-state fMRI with simulated post-stroke 

gradients derived from structural MRI. These results suggest that stroke-induced shifts in the principal 

axis of macroscale functional organisation can be approximated from structural lesion data alone. For 

the majority of participants, simulated changes on Gradient 1 captured the empirical pattern in resting 

state-fMRI with moderate accuracy, whereas simulations of Gradient 2 changes were less consistently 

reliable. Phase 2 used lesion-gradient mapping to test whether simulated gradient changes predicted 

semantic performance. Poorer semantic cognition was associated with left IFG showing more 

unimodal-like connectivity on Gradient 1, suggesting that impairment occurs when this key site within 

the semantic control network is shifted away from its transmodal role. 

These findings suggest that SA is characterised by large-scale alterations in the distributed 

networks that support conceptual processing and retrieval. Using connectivity gradients to describe 

the brain’s network architecture, we observed that stroke leads to a "compression" of functional space. 

Specifically, a structurally intact left IFG shifted its position towards the unimodal pole along the 

transmodal–unimodal axis, demonstrating gradient space reduction. This shift of the left IFG from the 

transmodal end towards the unimodal end was associated with semantic control impairment. This 

finding suggests that multimodal retrieval deficits in SA arise when spared semantic control regions 

lose their characteristic transmodal "identity" and shift toward a more unimodal-like profile. This 

movement within the neural state space likely reflects a loss of the functional distance required to 

generate distinct, context-sensitive patterns of retrieval (cf. Gao et al., 2022). Without this hierarchical 

separation, semantic cognition may become 'captured' by dominant associations, leading to 

stereotyped retrieval that lacks the flexibility to prioritise non-dominant features when the context 

requires it. Consequently, lesion-gradient mapping offers a way to capture how focal damage triggers 

reduced functional differentiation in remote, structurally preserved tissue. 

2.5.1. Functional connectivity gradients capture whole-brain changes post-stroke 

The SA patients had infarcts in left frontal and temporal regions, which altered whole-brain patterns 

of functional connectivity. Previous studies in humans (Bayrak et al., 2019) and macaques (Nashed et 

al., 2024) show that stroke lesions can cause cortical gradients to ‘contract’, such that heteromodal 

and unimodal regions are less differentiated on Gradient 1, and visual and auditory-motor regions are 

less differentiated on Gradient 2. Phase 1 reproduced this pattern for many regions (although there 

were some notable exceptions: visual cortex on Gradient 1 became more unimodal following stroke, 

and motor cortex on Gradient 2 separated further from visual cortex). In this way, SA was associated 

with reduced separation of DMN from auditory–motor regions specifically. The observation that 
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unimodal and transmodal cortex become more functionally similar following stroke aligns with 

previous findings showing that stroke patients do not deactivate the DMN during a motor task 

(Larivière et al., 2018) and show reduced functional connectivity within the DMN (Tuladhar et al., 

2013; Zhu et al., 2019), suggesting less cohesive network functioning. Moreover, since the principal 

gradient captures the sequence of networks on the cortical surface—from DMN, through 

frontoparietal control, to attention and then to visual–motor networks—a reduction in the magnitude 

of the principal gradient following stroke reflects less separation between networks that typically 

occupy distinct positions along this hierarchy (Margulies et al., 2016), consistent with Carter et al.’s 

(2010) findings of less distinct network boundaries. Crucially, the observed shift of the left IFG 

toward the unimodal end of the gradient should not be interpreted as an increase in sensory-motor 

processing. Instead, it suggests a loss of functional hierarchical distance from unimodal systems. In 

the healthy brain, this distance allows transmodal hubs to integrate information across domains 

without being overwhelmed by immediate sensory input (Smallwood et al., 2021); its reduction in SA 

suggests that stroke weakens the heteromodal control processes required for semantic task demands. 

Compared to traditional connectivity measures, the gradient framework offers a more holistic 

characterization of post-stroke reorganization. While seed-based analysis is often restricted by a priori 

region selection (Seewoo et al., 2021), and Independent Component Analysis (ICA) typically treats 

the brain as a set of separate (albeit potentially overlapping) statistical components (Li et al., 2014; Li 

et al., 2022; Seewoo et al., 2021), gradients capture the continuous functional transitions that define 

the brain’s representational geometry. This allows for the detection of shifts in regions far beyond the 

primary lesion site, reflecting alterations in the global connectivity landscape rather than isolated 

edge-level disruptions. Furthermore, the principal gradient shows high reliability and predictive 

validity for cognitive phenotypes (Hong et al., 2020), supporting its utility as a biologically 

meaningful biomarker of cortical organization. Gradients are sensitive to individual differences 

(Serhan et al., 2025) and show systematic associations with cytoarchitectural features of the cortex 

(Royer et al., 2023), indicating that they capture biologically meaningful aspects of cortical 

organisation. 

Despite these advantages, our focus on cortical gradients provides a partial view of 

reorganization. Stroke frequently involves subcortical systems, and while gradient methods can be 

extended to these structures, whole-brain cortical-subcortical integration remains an area for future 

development. Nevertheless, by capturing the 'collapse' of the functional hierarchy, this approach 

provides a sensitive window into how focal damage can disrupt the large-scale differentiation required 

for complex cognition, such as semantic control. 
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Simulating post-stroke connectivity gradient changes from lesion data: Our study highlights the 

potential of using lesion characteristics to predict functional changes in connectivity gradients (cf. 

Aswendt et al., 2021). To our knowledge, this is the first demonstration that simulated 

connectivity-gradient changes derived from structural lesions can be used to predict specific cognitive 

deficits. Prior work has shown lesion-induced alterations in gradients (Bayrak et al., 2019), but these 

were linked to general clinical severity (NIH Stroke Scale), rather than specific cognitive outcomes. 

By combining lesion topology with normative connectivity data, our approach provides a way to 

estimate the large-scale functional consequences of stroke across multiple dimensions of cortical 

organisation without resting-state fMRI, which is rarely collected in routine clinical settings. This 

suggests potential utility for early post-stroke prognosis, where lesion location could help predict 

specific cognitive vulnerabilities. 

The simulation captured the empirical patterns in Gradient 1 with moderate accuracy; 

however, the approach also has inherent limitations. Because it estimates disruption using normative 

connectivity, it models the immediate impact of the lesion on connectivity gradients rather than any 

subsequent functional reorganisation. Although the simulation is based on lesion location and lesion 

load, it models each lesioned parcel’s connectivity with all other parcels across the cortex using 

normative functional connectivity, meaning that global patterns of disruption are still represented. 

This may explain the differences in performance noted in Gradient 1 and Gradient 2. A reasonable 

explanation for Gradient 2’s lower performance in modelling stroke effects could be perhaps because 

the observed stroke gradient may have reflected Wallerian degeneration, diaschisis and long-term 

neuroplastic reorganisation comparatively more than the functional disruptions. Furthermore, our 

model was constrained to cortical grey matter damage. It did not explicitly incorporate white-matter 

disconnection, which likely contributes to the full extent of functional disruption. (Griffis et al., 2019; 

Thiebaut De Schotten et al., 2014) Future iterations that incorporate markers of neuroplasticity 

alongside structural lesion data will likely improve the alignment between simulated and observed 

gradient alterations. 

2.5.2. Role of the left IFG in semantic control 

In Phase 2, poorer semantic cognition in SA was associated with changes in Gradient 1 within left 

anterior LIFG, in structurally intact tissue beyond the posterior LIFG region that was frequently 

lesioned. Specifically, this anterior cluster showed a connectivity profile that shifted toward the 

unimodal end of Gradient 1 when semantic performance was more impaired. This pattern is broadly 

consistent with neuroimaging and brain-stimulation studies in healthy participants that implicate 

anterior LIFG in semantic control (Jackson, 2021; Jefferies, 2013; Gao et al., 2021; Whitney et al., 

2011; Diveica et al., 2021). Within the controlled semantic cognition framework, semantic behaviour 

reflects the interaction between heteromodal conceptual representations in the anterior temporal lobes 

and control processes supported by anterior LIFG, posterior temporal cortex and dorsal medial 
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prefrontal cortex (Lambon Ralph et al., 2017). A shift of anterior LIFG away from its typical 

transmodal position towards a more unimodal-like connectivity profile may reduce its ability to 

flexibly integrate conceptual information. This provides a plausible mechanistic account of why SA 

patients show multimodal semantic control deficits, even when anterior LIFG itself is not directly 

damaged.  Another explanation for this finding is that semantic control regions are involved in the 

gating of sensory-motor activation during goal-dependent tasks (Eisenhauer et al., 2026; Jackson 

et al., 2021), and the IFG’s shift toward the unimodal end of Gradient 1 may disrupt the capacity to 

prioritise the modality-specific features needed for context-dependent control. 

Regions within the semantic control network, including LIFG, show intrinsic structural and 

functional connectivity with both the anterior temporal lobe and domain-general executive systems 

(Davey et al., 2016). They also occupy an intermediate position between the default mode and 

multiple-demand networks in terms of both functional responses to task difficulty and their location 

on the cortical surface (Chiou et al., 2021; Wang et al., 2021). LIFG dynamically adjusts its 

connectivity depending on task demands—for example, coupling with anterior temporal cortex during 

semantic association tasks and with visual cortex during decisions about the colour, shape or size of 

concepts (Chiou & Lambon Ralph, 2016). Our findings suggest that while healthy cognition relies on 

this temporary, task-dependent flexibility, stroke may cause a chronic loss of functional 

differentiation between these networks. The left IFG cluster identified in this study did not overlap 

with the multiple-demand network, indicating that the observed effect is specific to semantic control 

rather than domain-general executive processes. 

In healthy brains, Gao et al. (2022) found that LIFG and other regions of the semantic control 

network alter their functional connectivity along Gradient 1 moment-to-moment as task demands 

vary. Retrieval of strong associations was associated with increased informational connectivity 

between the semantic control network and DMN regions at the transmodal apex of this gradient, 

consistent with cognition largely guided by long-term memory. In contrast, weak associations were 

associated with increased informational connectivity with the unimodal end of Gradient 1, reflecting 

higher multivariate pattern similarity between semantic control and attentional/sensory regions when 

non-dominant features are prioritised during controlled retrieval. While healthy cognition relies on 

this temporary, task-dependent flexibility, if the semantic control network becomes chronically less 

differentiated from neighbouring executive and attention systems post-stroke, it may be less able to 

support these diverse coupling patterns required for context appropriate semantic retrieval. This 

hypothesis could be tested directly in future work by applying a gradient framework to the analysis of 

functional connectivity during more automatic and controlled patterns of semantic retrieval in 

participants with SA. 
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2.6. Future directions 

This study demonstrates the potential of lesion-gradient mapping for understanding cognitive changes 

following stroke, but given the novelty of our approach, there are many outstanding questions. Further 

research is needed to verify if Gradients 1 and 2 can be successfully simulated in cohorts with 

different lesion topologies and distinct cognitive or behavioural impairments. Since simulations of the 

second gradient were less reliable, future work should explore more complex biophysical models to 

determine if these can provide more accurate predictions of post-stroke connectivity changes within 

lower-order axes of variation in functional connectivity. In addition, analyses of longitudinal resting-

state fMRI datasets would be valuable; such data could establish the extent to which functional 

gradients reorganise over time, potentially allowing future simulation models to account for neural 

plasticity following acute stroke. 

While we focussed on SA, future work should consider measures of speech production, 

hemispatial neglect, apraxia and phonological processing, to examine whether different cognitive 

consequences of stroke relate to distinct gradient shifts. Furthermore, while semantic cognition is an 

ideal domain for this approach given its established links to cortical gradients (Gao et al., 2022; Shao 

et al., 2022; Gonzalez Alam et al., 2021), patients with semantic control deficits frequently present 

with co-occurring executive impairments (Souter et al., 2022). These domain-general deficits were not 

separated in the current study; therefore, future research should clarify whether the observed LIFG 

gradient shifts are specific to semantic control or reflect a broader disruption of executive systems. 

Finally, our analysis collapsed multimodal semantic deficits into a single composite measure. 

Examining modality-specific impairments in gradient space remains an important next step, 

particularly as the second gradient (visual-to-sensory-motor) may be sensitive to distinctions between 

verbal and non-verbal tasks. 

The stroke participants included in this study left formal education at a mean age of 16.3 ± 1.5 

years, indicating that the cohort was not highly educated on average. A previous study showed that 

greater pre-stroke educational attainment is associated with better post-stroke language performance 

(Roberts et al., 2024). For example, a recent study reported that pre-stroke formal education was 

positively associated with language performance across a wide range of language assessments in both 

aphasic and non-aphasic stroke participants. However, this educational advantage was attenuated in 

older participants with large lesions and severe aphasia. These findings suggest that educational 

attainment may contribute to individual differences in post-stroke language outcomes. Although the 

influence of pre-stroke education on functional connectivity gradients remains unclear, educational 

attainment may affect the brain's resilience to stroke-related network disruption. Future studies should 

therefore investigate whether pre-stroke educational attainment influences connectivity gradient 
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organisation and contributes to variability in post-stroke functional reorganisation and behavioural 

outcomes. 

 

 

2.7. Conclusion 

Our research indicates that structural MRI can be used to simulate key effects of stroke on intrinsic 

connectivity gradients, and that these simulated changes in functional organisation predict the severity 

of semantic impairment. The findings provide new insights into semantic cognition, suggesting that 

the transmodal "identity" of the left IFG—defined by its position at the heteromodal end of Gradient 

1—is critical for normal function. Crucially, individual differences in impairment were captured by 

patient-specific gradient reconfigurations, demonstrating that successful semantic cognition depends 

on the maintenance of a stable, hierarchical differentiation across cortical systems. More broadly, this 

work contributes to the themes of multidimensionality, variability, and flexibility by examining how 

conceptual retrieval is supported by continuous dimensions of brain organisation. By using 

connectivity gradients as a formal description of the brain’s representational geometry, we show that 

conceptual deficits do not arise from damage to a single module, but from altered positioning within a 

multidimensional neural state space.  
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Chapter 3 

Reorganisation of functional connectivity gradients in post-stroke aphasia 

 

3.1. Abstract 

Aphasia after stroke arises from focal damage to language-relevant cortex but is accompanied by 

widespread alterations in functional connectivity. In 60 stroke survivors, we related principal 

component-derived language scores to both lesion location and stroke-related changes in resting-state 

functional organisation, combining structural lesion-symptom mapping with a gradient-based 

approach. Structural lesion-symptom mapping identifies which damaged regions are associated with 

specific language impairments but does not capture how surviving cortex is reconfigured within the 

brain’s large-scale architecture. In contrast, lesion-gradient mapping characterises whole-brain 

connectivity gradients – data-driven axes that summarise the principal patterns of variation in cortical 

connectivity – and quantifies how behavioural variation relates to displacement of structurally intact 

regions along these intrinsic axes. Stroke was associated with altered positioning of cortical regions 

along the gradient separating default mode and control networks. Notably, the position of the left 

inferior frontal gyrus along this axis predicted dissociable language outcomes: displacement toward 

default mode connectivity patterns was associated with better speech but poorer writing performance. 

This opposing behavioural profile suggests that inferior frontal cortex contributes to language through 

flexible large-scale coupling, with distinct coupling regimes differentially supporting spoken and 

written production. These findings indicate that gradient-based mapping provides a mechanistic link 

between focal tissue damage and distributed behavioural consequences by revealing systematic 

reorganisation of macroscale functional architecture beyond the lesion site.  
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3.2. Introduction 

Aphasia is a common consequence of stroke, producing heterogeneous impairments across language 

tasks and other cognitive domains (Jefferies & Lambon Ralph, 2006; Schumacher et al., 2019). 

Patients may experience difficulties in comprehension, speech, reading, writing, and conversation, 

with major effects on quality of life (Han et al., 2023; Spaccavento et al., 2013). This variability 

reflects the fact that language is supported by a distributed neural system spanning multiple cortical 

and subcortical regions (Wilson & Hula, 2019). Yet, because stroke lesions differ in their size and 

location, no two patients present with the same profile, making it challenging to predict outcomes and 

to tailor rehabilitation effectively. Lesion–symptom mapping has been instrumental in linking focal 

damage to specific deficits, identifying contributions of regions such as the anterior insula, inferior 

frontal gyrus, and precentral gyrus to speech fluency (Bates et al., 2003; Borovsky et al., 2007; Halai 

et al., 2017). However, symptoms arise not only from damage to these areas, but also from disruptions 

to broader networks and disconnection between them (Hope et al., 2024; Zevgolatakou et al., 2022; 

Bonilha & Fridriksson, 2008). Recovery is equally variable: some patients regain substantial function 

years after stroke, while others show persistent deficits (Hope et al., 2013; Breitenstein et al., 2017; 

Wilson & Schneck, 2021). Lesion location and size are important determinants of outcome, but they 

do not fully explain recovery trajectories, which, among other factors, also depend on functional 

reorganisation of surviving tissue and remote changes in whole‑brain connectivity (Kiran & 

Thompson, 2019; Thiebaut de Schotten et al., 2020). 

Resting-state functional MRI has been widely used to characterise network-level changes 

after stroke, including connectivity between language regions, interhemispheric interactions between 

homotopic areas, data-driven identification of large-scale networks, and graph-theoretical measures of 

network properties such as modularity or hubness (Yourganov et al., 2017; Chen et al., 2021). These 

methods have been valuable in showing that stroke alters both language-related and domain-general 

systems, including the default mode, salience, and dorsal attention networks (Falconer et al., 2024; 

Tsiakiri et al., 2024). However, each approach provides only a partial view: region-of-interest 

analyses are constrained by prior assumptions, interhemispheric measures capture only one dimension 

of connectivity, and data-driven techniques such as independent components analysis or graph theory 

fragment the system into discrete parts. What is missing is a holistic description that situates local and 

network-level changes within the brain’s continuous macroscale organisation (Margulies et al., 2016). 

Such a perspective may better reveal how distributed functional systems support recovery and how 

focal lesions induce widespread alterations that shape cognitive and language outcomes. 

Connectivity gradients offer a data-driven way to summarise large-scale patterns of functional 

connectivity across the cortex (Margulies et al., 2016; Huntenburg et al., 2018). Rather than dividing 

the brain into discrete spatially defined networks, gradients position cortical regions along continuous 
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axes based on similarities in their whole-brain connectivity profiles, with each brain region occupying 

a unique position in an abstract gradient space. The principal connectivity gradient reflects the 

dominant pattern of variation in cortical connectivity and is commonly linked, post hoc, with 

unimodal sensory–motor connectivity at one pole and transmodal default mode regions at the other, 

capturing the hierarchy from local specialisation to global integration (Margulies et al., 2016; Wang et 

al., 2025). Additional higher-order gradients capture further, independent patterns of connectivity 

variation; for example, the second gradient differentiates between visual and somatomotor profiles, 

while the third distinguishes patterns typically associated with  the control and default mode networks 

(Wang et al., 2020). Critically, because gradients capture multiple independent components of 

connectivity, a region may appear normal along one axis but abnormal along another, reflecting 

different functional roles or task contexts. Language processing depends on coordination across 

distributed cortical regions including auditory areas for sound processing, temporal regions for word 

comprehension, and frontal regions for speech planning and production (Hickok & Poeppel, 2007). 

By situating each region within a continuous, multidimensional connectivity space, gradients provide 

a nuanced, component-specific characterisation of disrupted connectivity, revealing how stroke-

related disruptions to functional connectivity relate to behavioural performance.  

Here, we apply a combined lesion–symptom and lesion–gradient symptom mapping approach 

in a large cohort of stroke survivors from the PLORAS dataset who all had both structural and resting-

state functional MRI as well as language and cognitive assessments. We asked three questions: (i) 

which lesion sites are associated with specific language deficits, (ii) how does stroke disrupt whole-

brain functional connectivity as summarised by connectivity gradients, and (iii) how do gradient-

based measures capture associations with language outcomes beyond focal lesion effects? By relating 

principal components of performance on the Comprehensive Aphasia Test to both lesion location and 

gradient-derived connectivity measures from resting-state fMRI, we aimed to move beyond focal 

accounts by incorporating large-scale patterns of functional connectivity gradients in the study of 

aphasia (Fox, 2018; Meier, 2022; Crinion & Price, 2005). 

 

3.3. Methods 

3.3.1. Participants 

The source dataset included 83 stroke survivors and 86 age-matched control participants from the 

PLORAS (Predict Language Outcome and Recovery After Stroke) dataset (Seghier et al., 2016). All 

participants were free from other neurological or psychiatric conditions such as dementia or 

depression, and were selected to have both a T1-weighted structural scan and resting-state fMRI. 

Stroke survivors completed an assessment of cognition and language using the Comprehensive 
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Aphasia Test (CAT) (Swinburn et al., 2004) and provided demographic information (age, gender, 

handedness, age at stroke onset, date of scanning and CAT). We applied further inclusion criteria to 

select participants with resting state fMRI scans suitable for functional connectivity analyses: i) a 

minimum of 70% valid scans; ii) no denoising failure cases; and iii) a mean head motion less than 

0.35 mm.  

The final sample consisted of 60 stroke survivors (24 females; mean age = 56.86 ± 10.74 

years) and 79 age-matched controls (43 females; mean age = 38.23 ± 16.2 years). The mean age at 

stroke onset was 52.25 ± 11.51 years. All stroke participants were in the chronic phase, with a mean 

post-stroke duration of 55.31 ± 58.12 months. Among the 60 stroke participants, 36 had left-

hemisphere lesions, 7 had right-hemisphere lesions, 15 had bilateral lesions, and 2 had lacunar 

infarcts. Lesion volume, estimated by the number of affected voxels, averaged 11,590 (SD = 11,320) 

voxels. Lesions spanned both cortical and subcortical regions, with the greatest overlap in the left 

superior corona radiata (present in 30 of 60 participants; Figure 3.1. Across the sample, damage 

extended from frontal and parietal into occipital (visual) regions and portions of the temporal lobe, 

while sparing the temporal pole, temporal fusiform cortex, and parahippocampal gyrus. 

 

 

 

Figure 3.1. Overlap map of stroke lesions (N = 60). Binarised lesion maps were generated 

using FSLmaths (Jenkinson et al., 2012) and displayed in MNI space with MRIcroGL. 

Brighter colours indicate greater lesion overlap across stroke participants. 
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3.3.2. Comprehensive aphasia test 

Stroke-induced language dysfunction was examined using the Comprehensive Aphasia Test (CAT; 

Swinburn et al., 2004). This test provides a broad assessment of aphasic patients’ performance in 

language functions and related cognitive domains. It includes language production tests (repetition, 

naming, and spoken picture description), as well as comprehension of spoken and written language, 

reading, writing, and repetition skills. Additional subtests evaluate cognitive domains, including line 

bisection, semantic memory, word fluency, recognition memory, gesture object use, and arithmetic. 

Principal component analysis was performed to reduce these correlated language tests into distinct 

language domains explaining unique variance. First, we identified which subtests were suitable for 

inclusion by examining score variability using the interquartile range (IQR). Five subtests with few 

items and an IQR of zero, indicating that at least 50% of participants received the same score, were 

excluded (semantic memory, repetition of complex words, writing copy, comprehension of spoken 

paragraph, and reading functional words). PCA with oblique rotation was then performed on the 

standardised scores of the remaining subtests using R Studio. Components with eigenvalues greater 

than 1 were retained, yielding six components. The first four components loaded on multiple 

assessments and were readily interpretable as broader language domains; the remaining two 

components captured more task-specific variance and are reported in the Supplementary Materials 

(Section I). 

3.3.3. Lesion segmentation 

High‑resolution whole‑brain T1‑weighted structural MRI (1 mm isotropic) was acquired for all 

participants, at the same time as the resting‑state data, using research‑dedicated 3T Siemens scanners 

at the Department of Imaging Neuroscience, UCL. Lesion segmentation was performed using 

established procedures implemented in SPM (running in MATLAB), in which each T1‑weighted 

image was spatially normalised to MNI space and converted into a continuous lesion map that 

quantifies structural abnormality at each voxel on a scale from 0 (normal) to 1 (abnormal), relative to 

normative data from neurologically healthy controls (Seghier et al., 2008). Each lesion map was 

thresholded at 0.3 to generate binary lesion images. As this procedure has previously been shown to 

yield robust associations with behavioural outcomes, no other manual edits were applied. Segmented 

lesion maps were binarised using the fslmaths tool from FSL (FMRIB's Software Library), and 

lesion–symptom mapping was performed on these maps. 

3.3.4. Resting-state fMRI data preprocessing 

We used the default resting-state fMRI preprocessing pipeline in CONN 

(https://www.nitrc.org/projects/conn) (Whitfield-Gabrieli and Nieto-Castanon, 2012), consisting of 

motion estimation, correction by volume realignment through a six-parameter rigid body 

transformation, slice time correction, and simultaneous white matter, grey matter, and cerebrospinal 
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fluid segmentation and normalization to MNI152 stereotactic space (2 mm isotropic). These measures 

were applied to both functional and structural data. After preprocessing, the following potential 

confounding variables were statistically controlled for: six motion parameters determined at the 

previous step and their 1st- and 2nd-order derivatives; volumes with excessive movement (motion 

greater than 0.5 mm and global signal changes larger than z = 3); linear drifts; and five principal 

components of the signal from white matter and cerebrospinal fluid (CompCor approach) (Behzadi et 

al., 2007). Then, a band-pass filter was applied to the data between 0.01 and 0.1 Hz. Global signal 

regression was not performed. 

 

 

Figure 3.2. Processing pipeline for functional connectivity gradients in stroke participants 

and aged matched controls. A) Resting-state data of aged matched controls and stroke 

participants were pre-processed. B) Pearson correlations were computed between the mean 

time series of each of the 400 ROIs. C) A 400 × 400 functional connectivity matrix was 

generated for each participant in both groups. D) Functional connectivity gradients were 

extracted from the functional connectivity matrix for each participant. 
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3.3.5. Whole-brain functional connectivity 

After preprocessing and denoising the resting-state fMRI data for each participant in both groups 

(stroke and controls), we computed a functional connectivity (FC) matrix (Figure 3.2) and extracted 

the mean functional time series of each of the 400 cortical parcels, based on the Schaefer parcellation 

(Schaefer et al., 2018) 

(https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/brain_parcellation/Schaefer201

8_LocalGlobal). We then constructed a 400 × 400 FC matrix by calculating pairwise Pearson 

correlations between the mean time series of all parcels. These FC matrices were then averaged within 

each group to generate group-level connectivity matrices separately for stroke participants and age-

matched controls. Finally, each Schaefer parcel contributing to the functional connectivity matrices 

was assigned to one of the seven canonical large-scale functional networks defined by Yeo et al. 

(2011), according to maximum overlap between parcel and network.   The Yeo networks were derived 

from group-level clustering of resting-state functional connectivity in healthy individuals and are 

labelled: (1) visual, (2) somatomotor, (3) dorsal attention, (4) ventral attention (or salience), (5) 

limbic, (6) frontoparietal control, and (7) default mode.  We used these network assignments purely 

for interpretive reference.  They did not influence the construction of functional connectivity matrices 

or the estimation of connectivity gradients.  

3.3.6. Functional connectivity gradient extraction  

Functional connectivity gradients for stroke participants and aged matched controls were extracted 

from the functional connectivity matrices using the BrainSpace Toolbox (Vos de Wael et al., 2020). 

Healthy brains are expected to share common dominant axes of functional connectivity variation, with 

inter-subject variability in the precise positioning of regions along each axis. We focused on the first 

three gradients (Gradients 1-3), which capture the most dominant sources of variance in functional 

connectivity and have been linked to cognition in prior work (Margulies et al., 2016; Shao et al., 

2022). To estimate Gradients 1–3 in each individual, we first extracted ten gradients from the 

functional connectivity matrix of each stroke participants and each age-matched control 

(dimensionality-reduction technique: diffusion embedding; kernel: normalized angle; sparsity: 0.9). 

The pipeline for gradient extraction is shown in Figure 3.2. Ten gradients were extracted because this 

allows the first three gradients to achieve a higher fit with canonical group-level gradients (Margulies 

et al., 2016; Gonzalez Alam et al., 2021; McKeown et al., 2020). Gradients estimated from individual 

datasets can differ in orientation and ordering. Therefore, we aligned individual gradients for both 

stroke participants and controls to gradients extracted from the Human Connectome Project (HCP) 

dataset (n = 217; 122 women; mean ± SD age = 28.5 ± 3.7 years; Vos de Wael et al., 2018) using 

Procrustes rotation. This procedure translates, rotates, and scales configurations to optimise alignment 

with the larger group average (Goodall, 1991; Vos de Wael et al., 2020), while preserving the overall 

shape and structure of the data (Siegel et al., 2017). In other words, this alignment step improves 

https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/brain_parcellation/Schaefer2018_LocalGlobal
https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/brain_parcellation/Schaefer2018_LocalGlobal
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interpretability by expressing individual gradients in a common coordinate system, facilitating 

comparison to gradients reported in other studies (Margulies et al., 2016; Gonzalez Alam et al., 2021; 

McKeown et al., 2020). 

3.3.7.  Post-stroke gradient differences 

Connectivity gradients for stroke participants contained effects of both stroke and aging. To isolate 

stroke‑specific changes in connectivity, we subtracted each post‑stroke gradient from the average 

gradient of age‑matched controls included in this study using fslmaths (FMRIB’s Software Library). 

The resulting difference maps illustrate how each brain parcel shifted across the gradients following 

stroke; statistical analyses were then performed on these post‑stroke gradient differences. 

3.3.8.  Statistical analyses 

We conducted lesion–symptom mapping and lesion–gradient mapping. Lesion–gradient mapping was 

performed to identify probabilistic associations between lesion locations and the four PCA‑derived 

components accounting for the largest sources of variance in language performance on the CAT. To 

directly compare lesion–symptom results with disruptions to gradient‑based functional connectivity, 

we only examined lesions that damaged the cortex. This excluded 2 participants with lacunar infarcts 

and 6 with subcortical infarcts, leaving a sample of 52 stroke participants. Lesion–gradient symptom 

mapping addressed two questions: (1) What are the post‑stroke changes in functional connectivity 

gradients? and (2) Can these changes in connectivity gradients predict language outcomes?  

We used non‑parametric t‑tests in Randomise (Winkler et al., 2014; 

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise/UserGuide), with 5,000 permutations, for both lesion–

symptom and lesion–gradient mapping. For lesion–symptom mapping, the general linear model 

included binarised cortical lesion maps (n = 52) and each stroke participant’s language composite 

scores as covariates of interest, with whole‑brain lesion size, age, and post-stroke duration were 

included as a covariates of no interest. Whole‑brain lesion size was included to control for overall 

lesion burden, because behavioural outcomes reflect the total extent of the damage. Threshold‑Free 

Cluster Enhancement (TFCE) was applied to identify significant, spatially extended lesioned clusters 

rather than relying solely on voxel‑wise statistics (Smith & Nichols, 2009). Family‑wise error 

correction was applied, and each contrast was thresholded at p < 0.05 to identify the brain regions 

significantly associated with each function. 

For lesion–gradient mapping (n = 60), a general linear model was used to examine the 

association between stroke‑induced connectivity‑gradient changes (difference maps relative to healthy 

controls) and the four PCA‑derived cognitive component scores. The model included the connectivity 

gradient change maps and the four component scores as covariates of interest, with whole-brain lesion 

size, age, and post-stroke duration included as covariates of no interest. Contrasts were set up for each 

PCA‑derived component to identify parcels associated with poorer performance (Kiran, 2012). TFCE 
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was implemented to identify parcels showing statistically significant associations between 

connectivity‑gradient values and language outcomes, accounting for spatial contiguity across 

neighbouring parcels and correcting for multiple comparisons. 

Lesion‑gradient analyses were performed across the whole-brain and within the 

Neurosynth‑derived language‑network mask. A lesion‑overlap map was generated by combining 

cortical lesion masks from all participants. Voxels damaged in at least 25% of individuals were 

excluded to ensure analyses focused on connectivity changes in structurally intact tissue. This 

threshold corresponded to approximately 75% of all lesioned voxels, which were excluded from the 

whole‑brain analysis. The same 25% threshold was applied to remove lesioned voxels from the 

language‑network ROI. For visualisation, statistical maps for each contrast were thresholded at 0.95, 

corresponding to p < 0.05. 

 

3.4. Results 

3.4.1. Principal Component Analysis: Comprehensive Aphasia Test 

The first four components accounted for 59% of the total variance, while two additional components 

explained a further 10%, giving a cumulative variance of 69%. The PCA loading matrix of CAT 

subtests and the scree plot illustrating the eigenvalues of each principal component are reported in 

Section I of the supplementary material (Supplementary Figure 3.S1). The first component 

(explaining 36% of the variance) had strong loadings on reading words (0.95), object naming (0.79), 

reading non-words (0.77), and reading complex words (0.75). The second component (explaining 9% 

of the variance) had strong loadings on repetition of digit strings (0.77) and sentence repetition (0.68) 

and was associated with phonology and working memory. The third component (explaining 7% of the 

variance) had high loadings for written picture naming (0.89) and writing to dictation (0.69) and was 

associated with writing and visuo-motor capacity. The fourth component (explaining 6% of the 

variance) showed strong loadings on comprehension of written words (0.82), comprehension of 

spoken words (0.54), and arithmetic (0.58), suggestive of semantic and broader cognitive difficulties, 

but was more mixed across tasks and showed more cross-loading with other components. Two further 

components had eigenvalues exceeding 1 but were dominated by loadings from single tasks assessing 

recognition memory (0.65) and gesture (0.94), respectively. As such, these components were treated 

as task-specific variance rather than coherent latent dimensions. They were included as covariates in 

subsequent brain analyses to account for this variance, but were not interpreted further (results are 

reported in Section I of the Supplementary Materials). PCA scores for each component were 

extracted; lower PCA scores reflected greater impairment on the respective component. These 

language component scores were used in lesion–symptom and lesion–gradient mapping analyses. 
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3.4.2. Lesion symptom mapping 

Lesion–symptom mapping identified significant clusters associated with three language components 

from the PCA. PCA‑2 (associated with poor phonology and working memory) showed the largest 

significant effect, which included left Heschl’s gyrus, parietal operculum, the anterior part of the 

superior temporal gyrus, the posterior part of the middle temporal gyrus, angular gyrus, supramarginal 

gyrus, and the superior division of the lateral occipital cortex (Figure 3.3A). PCA-3 (associated with 

worse visuomotor performance) identified a cluster extending from the temporo‑occipital part of the 

inferior temporal gyrus to the superior and inferior divisions of the lateral occipital cortex, as well as 

the superior parietal lobule, precuneus, and postcentral gyrus in the right hemisphere (Figure 3.3B). 

PCA‑4 (associated with poor performance on comprehension/arithmetic) identified the left middle 

temporal gyrus (temporo‑occipital part) and the posterior part of the supramarginal gyrus (Figure 

3.3C). PCA‑1 (associated with speech production) did not identify any significant effects in lesion-

symptom mapping.  

 

 

Figure 3.3. Lesion–symptom associations with PCA-derived language outcomes. A) Lesion 

locations associated with PCA-2 (phonology and working memory). B) Lesion locations 

associated with PCA-3 (writing and visuomotor capacity). C) Lesion locations associated 

with PCA-4 (comprehension/control difficulties). 
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3.4.3.  Post-stroke gradient differences 

Figure 3.4 shows connectivity gradients for young adults from the HCP dataset, plus the age-matched 

controls and stroke participants included in this study. Gradients for the young HCP sample, 

reproduced from Margulies et al. (2016), are displayed using a warm-to-cool colour scale: warm 

colours indicate higher gradient values, and cool colours indicate lower values. Gradients for the 

age-matched controls and stroke participants are shown using a purple-to-green colour scale, with 

darker purple indicating higher values and darker green indicating lower values. Gradient 1 

differentiates unimodal (green) from transmodal (purple) regions; Gradient 2 separates motor (green) 

and visual (purple) regions; and Gradient 3 distinguishes default mode (green) and control networks 

(purple). Data for the stroke volunteers and controls are plotted on the same scale for each gradient. 

The maps are interpreted by comparing the colour assigned to each cortical region between these two 

groups; differences in colour reflect differences in a region’s position along the gradient. While both 

the control and stroke participants show the basic gradient structure identified by Margulies et al. 

(2016) in the HCP sample, some subtle differences in the magnitude of these gradients are visible – 

with less bright purple and green shades for the stroke survivors indicating that the magnitude of the 

connectivity gradients is attenuated following stroke (i.e. the networks that fall at opposite ends of 

these dimensions of connectivity are less distinct).  
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Figure 3.4. Functional connectivity gradients for age‑matched controls and stroke 

participants from the PLORAS dataset, shown alongside canonical gradients from the young 

HCP sample (from Margulies et al., 2016). In control and stroke participants, darker purple 

indicates higher gradient values and darker green indicates lower values. Panel A shows 

Gradient 1, representing the unimodal–to–transmodal axis. Panel B shows Gradient 2, 

representing the visual–to–motor axis. Panel C shows Gradient 3, distinguishing between the 

default mode and control networks. Compared with age‑matched controls, stroke survivors 

show reduced gradient differentiation across all three gradients. 

 

To isolate stroke-specific effects, we subtracted each stroke participant’s connectivity 

gradient from the average gradient map of age-matched controls, generating post-stroke difference 

maps for all three gradients. The average post-stroke difference maps for all three gradients are 

provided in Section II of the supplementary material (Supplementary Figure 3.S2). A non-parametric 

t-test with 5,000 permutations was used to determine significant post-stroke changes across the three 

gradients. Figure 3.5 shows the significant post-stroke changes on the gradients. Gradient 1 (unimodal 
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vs. transmodal) showed reduced differentiation after stroke, with transmodal regions—including the 

prefrontal cortex, temporal pole, middle and inferior temporal gyri, and right posterior cingulate—

shifting toward the unimodal end of the gradient (Figure 3.5A, warm colours). In contrast, unimodal 

regions such as the lateral occipital cortex and motor regions shifted toward the transmodal end 

(Figure 3.5A, cool colours). Gradient 2 (visual vs. motor) also showed significant post-stroke changes: 

lateral and medial prefrontal regions shifted toward the motor end, while the pre- and postcentral gyri 

shifted toward the visual end, particularly in the right hemisphere (Figure 3.5B). Gradient 3 (DMN vs. 

cognitive control) showed the most extensive post-stroke changes. Regions typically belonging to the 

control network—including the inferior frontal gyrus, frontal pole, supramarginal gyrus, and anterior 

cingulate cortex—shifted toward the DMN end of the spectrum (Figure 3.5C). In contrast, DMN 

regions—including the medial prefrontal cortex, left dorsolateral prefrontal cortex, and lateral 

temporal cortex—as well as regions outside the DMN, such as motor areas, were positioned closer to 

the control-network end of this gradient axis (Figure 3.5C). 

 

 

Figure 3.5. Significant post-stroke gradient changes for Gradients 1–3. Panel A shows 

Gradient 1, panel B shows Gradient 2, and panel C shows Gradient 3. Difference maps were 

generated by subtracting the mean age-matched control gradient map from each stroke 

participant’s gradient map. Warm-coloured regions indicate areas typically positioned 

toward the upper end of the gradient that shifted toward the lower end after stroke, whereas 

cool-coloured regions indicate areas typically positioned toward the lower end that shifted 

toward the upper end. 
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3.4.4.  Association between post-stroke functional connectivity gradient changes and language 

outcomes within the language network 

We examined how stroke‑related changes in functional connectivity gradients within the language 

network related to PCA‑derived language outcomes. We focussed on changes within the language 

network since the available behavioural data focussed on language assessments; changes in the 

position of language regions within the brain’s connectivity landscape are most likely to relate to 

these outcomes. To focus on intact tissue, voxels with ≥25% lesion involvement were excluded from 

the language‑network mask (Figure 3.6A). 

Significant associations with Gradient 3 were found for PCA‑1 (speech production), PCA‑3 

(writing), and PCA‑5 (gesture–object use; reported in Section III of the Supplementary Materials, as 

PCA-5 loaded on a single task: Supplementary Figure 3.S3). Displacement of the left inferior frontal 

gyrus (IFG) pars triangularis (Figure 3.6B) toward the DMN end of Gradient 3 was associated with 

better speech performance in stroke survivors (Figure 3.6C). In healthy controls, this region is 

typically positioned toward the control network end of Gradient 3; thus, post-stroke movement toward 

the DMN reflects a relative shift in large-scale coupling. Notably, this same displacement of left IFG 

along Gradient 3 was associated with poorer writing to dictation (Figure 3.6D), consistent with 

reduced engagement of control-related connectivity that may be required to coordinate linguistic, 

visuomotor, and executive processes during written output. These findings indicate that variation in 

IFG coupling along the DMN–control axis has dissociable behavioural consequences across language 

domains. A confirmatory permutation analysis found the results were unchanged when two 

participants who had lesions including this LIFG region were removed from the sample; PCA-1 and 

PCA-3 showed the same association with Gradient 3 displacement relative to age-matched controls.  

To minimise the risk of Type II errors, we also conducted whole-brain lesion–gradient–

symptom analyses relating gradient changes to PCA-derived language components, excluding voxels 

lesioned in ≥25% of participants. Full results are reported in Section IV of the Supplementary 

Materials (Supplementary Figure 3.S4). 
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Figure 3.6. Permutation test results within the language ROI. A) Language‑network mask 

used for the ROI analyses after removing lesion voxels. B) A significant cluster in the left 

inferior frontal gyrus (IFG) showed opposing behavioural associations along Gradient 3 (the 

default mode–control axis): displacement toward the default mode end (i.e. relatively greater 

DMN and reduced executive connectivity) was associated with higher PCA-1 scores (better 

speech production) and lower PCA-3 scores (poorer writing performance). C) Scatterplot 

showing the relationship between left IFG position along Gradient 3 and PCA-1 scores 

(speech production). D) Scatterplot showing the relationship between left IFG position along 

Gradient 3 and PCA-3 scores (writing ability). 
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3.5. Summary of results 

Lesion–symptom mapping highlighted distinct neural substrates for specific language components: 

left temporoparietal damage was associated with verbal working memory deficits, right intraparietal 

sulcus lesions were linked to impaired visuo-motor tasks, and left posterior temporal lesions affected a 

component loading on comprehension and arithmetic, consistent with disruption to representational 

control processes. Beyond these structural effects, lesion–gradient mapping demonstrated that shifts in 

functional connectivity along the control–default mode axis (Gradient 3) captured cognitively 

meaningful aspects of functional reorganisation. Within the language network, left-hemispheric 

control regions exhibited greater functional affiliation with the DMN: a shift of the left inferior frontal 

gyrus towards this end of Gradient 3 predicted better speech production but poorer visuo-motor 

performance, reflecting domain-specific trade-offs in network reorganisation.  

 

3.6. Discussion 

This study shows that post-stroke language outcomes reflect both the location of structural damage 

and systematic variation in large-scale functional organisation captured by connectivity gradients. By 

integrating lesion–symptom mapping with gradient-based analyses, we provide a unified framework 

for understanding how focal injuries interact with the brain’s intrinsic macroscale architecture to 

shape behavioural variability after stroke. Lesion mapping identifies regions in which tissue damage 

is associated with persistent language deficits, whereas gradient analyses quantify how surviving 

cortex is positioned along principal axes of functional organisation – particularly the axis separating 

default mode and control networks – and how displacement along these axes relates to language 

performance. Gradient displacement reflects structured reconfiguration of large-scale coupling 

patterns whose behavioural consequences depend on task demands. For example, variation in the 

position of left inferior frontal gyrus along the DMN–control axis was associated with opposing 

effects on speech and writing, indicating that differences in large-scale embedding of this region 

constrain distinct language functions. These findings situate post-stroke language variability within 

the geometry of intrinsic cortical organisation rather than attributing outcomes solely to lesion 

location.  

3.6.1. Interpretation of lesion-symptom mapping 

Lesion–symptom mapping was used to relate anatomical damage to behavioural impairment via PCA-

derived dimensions of task performance. Our interpretation of these lesion–component associations 

draws on both the task loadings defining each component and prior evidence linking specific regions 

to cognitive functions; where these sources converge, the associations provide stronger inference 

about the functional consequences of focal damage. Convergent lesion evidence was observed for 
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three PCA components (2, 3 and 4; see below). In contrast, no focal lesion effects were identified for 

PCA-1, which loaded heavily on speech production tasks. This absence of a localised lesion correlate 

suggests that variability in speech production in chronic aphasia may be less dependent on damage to 

a single cortical site and more influenced by distributed or reconfigured network dynamics. Consistent 

with this interpretation, PCA-1 showed significant associations with displacement along connectivity 

gradients (reported below), indicating that speech outcomes were better captured by variation in large-

scale functional embedding than by focal tissue loss alone. 

The strongest lesion effect was observed for the second PCA component. Behaviourally, this 

component loaded on tasks tapping phonological processing and verbal working memory. 

Anatomically, it was associated with damage to left posterior perisylvian and temporoparietal 

cortices. Similar lesions have been linked to repetition deficits in aphasia (Ripamonti et al., 2018; 

Acharya et al., 2024), consistent with the role of the left superior temporal gyrus and supramarginal 

gyrus in phoneme identification (Liebenthal et al., 2005; Desai et al., 2008) and phonology (Purcell et 

al., 2021; Oberhuber et al., 2016) and auditory short-term memory (Ekert et al., 2021).  

The fourth PCA component was least specific, at the behavioural level capturing shared 

variance across spoken and written comprehension and arithmetic – perhaps indexing linguistic or 

representational control. However, anatomically, the associated lesion pattern involved the left 

posterior middle temporal gyrus, a region that integrates phonological information with lexical-

semantic knowledge (Price, 2012) and acts as a convergence zone bridging DMN and multiple-

demand control systems (Davey et al., 2016).  In addition, converging evidence has highlighted 

posterior temporal regions as critical for controlled semantic retrieval and regulation (e.g. Jefferies, 

2013), providing a plausible anatomical context for this component despite its diffuse behavioural 

loadings. 

Finally, the third PCA component weighted heavily on writing tasks, and less strongly on the 

line bisection and arithmetic tasks. The behavioural loadings therefore suggest a broader visuomotor 

function.  It was associated with lesions extending into right occipital, parietal, and ventral temporal 

cortices. This pattern is consistent with a previous study linking right temporal lesions to writing 

deficits (Chen et al., 2019) and aligns with accounts emphasising the reliance of writing on visual-

motor integration (Goodale et al., 2004; Bonzano et al., 2021). Damage to the superior parietal lobule 

and precuneus are associated with visuospatial and working memory processes essential for 

orthographic planning (Koenigs et al., 2009), whereas ventral temporal lesions impair semantic 

contributions to written output (Fernández et al., 2001). These findings reinforce the principle that 

persistent deficits on language assessments arise not only from injury to classical language regions but 

also from damage to multimodal hubs that support integration. 
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3.6.2. Reorganisation of gradient-based functional connectivity  

The connectivity gradient differences between the young HCP cohort and the aged controls were 

larger than those observed between the aged controls and stroke patients. One explanation is that 

healthy ageing itself is associated with substantial alterations in the brain’s functional hierarchy. 

Previous studies have shown that ageing is accompanied by reduced functional segregation, less 

distinct boundaries between large-scale networks, and attenuation of the principal connectivity 

gradients. Transmodal communities, including the dorsal attention (DAN), ventral attention (VAN), 

frontoparietal (FPN) and DMN networks, also exhibit greater within-network variability with ageing 

(e.g. Bethlehem et al., 2020; Wang et al., 2024), partly reflecting changes in long-range functional 

connectivity. Consequently, the aged control cohort already shows age-related reorganisation relative 

to young adults. Comparisons between aged controls and stroke patients therefore capture the 

additional effects of stroke on an already reorganised ageing brain rather than deviations from a young 

healthy baseline. 

Given that stroke often disrupts hub regions and white-matter tracts supporting integration 

across networks (Li et al., 2025), functional reorganisation is expected to extend beyond damaged 

tissue. Connectivity gradients revealed stroke-related differences in large-scale functional 

organisation associated with language outcomes. Gradient 3 represents a continuum between control 

networks and the default mode network (DMN), providing a quantitative measure of how cortical 

regions are embedded within these systems. The left inferior frontal gyrus (IFG) pars triangularis 

occupied a relatively more DMN-weighted position along this axis in some individuals, reflecting 

comparatively stronger DMN and weaker control-network connectivity. Variation in IFG position 

along Gradient 3 was associated with better speech production but poorer writing and visuomotor 

performance, indicating that differences in its large-scale coupling profile relate differentially to 

distinct behavioural components. 

The left IFG is widely regarded as a hub that coordinates distributed processes across cortical 

systems. Intracranial and neuroimaging evidence implicates this region in speech production (Flinker 

et al., 2015), and prior work suggests it occupies an intermediate position between control and default 

mode systems, enabling integration of conceptual representations with top-down control processes 

(Davey et al., 2016; Chiou et al., 2023; Wang et al., 2024). Within this framework, post-stroke 

variation in IFG embedding along the DMN–control axis can be interpreted as systematic alteration of 

large-scale coupling, with distinct consequences for different language and visuomotor demands. In 

healthy brains, the left IFG sits closer to the DMN than its right‑hemisphere homologue, and this 

asymmetry relates to semantic selection ability (Gonzalez Alam et al., 2021). In stroke survivors with 

aphasia, retaining or enhancing this DMN alignment may support better speech production by 

boosting word retrieval and selection mechanisms that underpin fluency (Thompson‑Schill 

et al., 1997; Wagner et al., 2014). However, the same shift toward the DMN was linked to more 
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impaired writing and visuomotor performance, suggesting a functional trade‑off in which tasks 

requiring stronger control‑network engagement are disadvantaged (Labache et al., 2024). Since the 

right IFG is typically positioned closer to control networks than the left IFG, one possible 

interpretation of our results is that shifts of left IFG toward the control end of this axis supports 

visuomotor demands at the expense of language fluency processes. 

More broadly, the gradient changes observed within the language network are consistent with 

prior evidence that functional reorganisation in chronic stroke predominantly involves left-hemisphere 

language regions and, in some cases, their right-hemisphere homologues (Meinzer et al., 2008; 

Fridriksson et al., 2012; Jiang et al., 2025). However, earlier studies largely relied on seed-based 

connectivity analyses, whereas the gradient framework characterises changes in the overall 

connectivity profile of language-network regions without requiring predefined seed regions. Rather 

than framing reorganisation as a binary shift between hemispheres, gradients quantify variation along 

continuous axes of large-scale organisation, revealing systematic alterations in how language regions 

are embedded within distributed networks. Such variation in large-scale embedding may reflect 

underlying plasticity processes, including stabilisation of surviving circuits and strengthening of 

alternative functional pathways when pre-existing networks no longer fully support language function 

(Billot & Kiran, 2024). 

3.6.3. Integrating lesion location and gradient organisation 

Taken together, lesion mapping identifies regions in which structural damage constrains language 

performance, whereas gradient analyses quantify how surviving regions are positioned within large-

scale functional organisation. For example, temporoparietal hubs, damaged in many stroke survivors 

in our sample, typically occupy positions that coordinate interactions between control and default 

mode systems (Hearne et al., 2017); gradient analyses then capture how other language-relevant 

regions vary in their large-scale embedding following stroke and how this variation relates to 

behaviour. Importantly, variation in connectivity along a single gradient axis can show opposing 

associations with different language components, indicating that the behavioural consequences of 

reorganisation cannot be reduced to a simple gain or loss of function. Instead, the impact of altered 

large-scale coupling depends on the specific cognitive demands being considered.  This framework  

situates behavioural variability within a low-dimensional functional architecture, showing how local 

damage and distributed changes in network embedding jointly shape language outcomes after stroke. 

 

 

 

 



Page | 91  

 

3.7. Future directions 

The present study employed a binary lesion-mapping approach, in which each voxel was classified as 

either lesioned or non-lesioned. This approach provides a clear representation of lesion extent and is 

widely used in lesion-symptom mapping studies (Bates et al., 2003;Borovsky et al., 2007; Ploner et 

al., 2005). However, it does not capture graded changes in tissue integrity within structurally 

preserved regions. An alternative approach is voxel-based morphometry (VBM), which identifies 

differences in local tissue composition after removing gross anatomical differences between 

individuals and is fully automated. Unlike binary lesion masks, VBM provides continuous voxel-wise 

measures of grey matter density, enabling the detection of more subtle structural alterations that may 

show linear associations with behavioural performance. VBM also involves whole-brain analysis and 

can detect changes in tissue composition outside the primary lesion. This may be particularly relevant 

in chronic stroke, where secondary neurodegenerative processes, such as Wallerian degeneration and 

remote cortical atrophy, may not be captured by binary lesion mapping (Geva et al., 2012). 

Consequently, incorporating VBM could potentially improve sensitivity to structural changes 

associated with behavioural impairments and provide complementary information to lesion-based 

analyses. Future work should therefore compare behavioural associations identified using VBM with 

those obtained from binary lesion mapping to determine whether incorporating continuous measures 

of tissue integrity improves the prediction of post-stroke language outcomes. 

While this study focused on language function, gradient-based functional organisation is likely to 

influence other cognitive domains, including executive function, memory, and spatial processing. 

Richer neuropsychological assessments of these functions would provide greater clarity about the 

cognitive consequences of gradient changes following stroke. Longitudinal studies are needed to track 

how connectivity gradients evolve across different stages of recovery, and how compensatory 

mechanisms develop in relation to structural damage. In addition, spared regions, often unaffected by 

MCA strokes, for example in anterior prefrontal regions, may play a critical role in supporting 

recovery through gradient-mediated network reorganisation. Understanding these dynamics could 

inform targeted therapies designed to boost neuroplasticity in chronic stroke. 
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3.8. Conclusion 

Our findings demonstrate that gradient-based functional connectivity changes are associated with 

language outcomes after chronic stroke. Lesion–symptom mapping identified both classical 

perisylvian language regions and additional parietal, temporal, and occipital areas as critical for verbal 

working memory, comprehension, and writing. Connectivity gradient analyses revealed how 

surviving regions shift along DMN–control axes, capturing associations with both better performance 

(speech production via left IFG integration with DMN) and impaired performance (poorer writing 

following the same connectivity changes). Together, these complementary approaches provide a 

framework for understanding how focal lesions co-occur with distributed network dynamics, offering 

a new method for understanding the effects of stroke on behaviour. 
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Chapter 4 

A Connectivity-gradient simulation model captures stroke reorganisation  

and language outcomes 

4.1. Abstract 

Stroke causes both local tissue damage and remote disruption across networks, producing whole‑brain 

functional disturbances that extend beyond the focal injury. Attempts to model the functional impact 

of stroke typically remove nodes or edges, or rely on lesion topology to approximate network‑wide 

effects. We introduce a connectivity‑gradient–based stroke simulation model that uses intact‑tissue 

information from structural MRI to model graded network disturbances in connectivity‑gradient 

space. Using structural and resting-state fMRI data from chronic stroke participants in the PLORAS 

dataset, we evaluate, within the same individuals, the extent to which lesion-derived simulations 

capture empirically observed post-stroke reorganisation of connectivity gradients, and whether these 

effects relate to language outcome (Comprehensive Aphasia Test). This direct comparison between 

simulated and observed gradient changes has rarely if ever been deployed in lesion-modelling studies. 

The simulation showed moderate similarity with stroke‑induced functional reorganisation along the 

transmodal–unimodal and visuo-motor axes of functional brain organisation. The model reproduced 

stroke-related shifts in Gradient 1 within the default mode and dorsal-attention networks, and captured 

frontoparietal network changes along Gradient 2. Simulated changes in cortex-wide functional 

connectivity gradients were associated with language performance and two of these patterns were 

verified in observed resting-state fMRI data collected for the same patients: (i) right inferior frontal 

gyrus showed more motor connectivity on the visuomotor axis, in participants with better phonology 

and working memory, while left supplementary motor area and paracingulate cortex showed increased 

motor-related connectivity along the same axis in participants with more severe speech difficulties. 

These findings suggest that outcome-relevant connectivity patterns are partially recoverable from 

lesion information, and that connectivity gradients provide a useful framework for linking lesion-

driven changes in large-scale functional organisation to behavioural performance. 

 

4.2. Introduction 

Stroke causes local damage to brain tissue, disrupting the functional and structural integrity of 

affected regions (Griffis et al., 2020; Tsiakiri et al., 2024). However, focal lesion location does not 
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fully account for the range and co-occurrence of behavioural deficits observed after stroke, with 

similar symptom profiles arising from anatomically distinct lesion sites (Siddiqi et al., 2022). 

Advances in neuroimaging have supported a shift from a localisation-based account to a network-

based understanding of stroke, emphasising that symptoms arise not only from the site of damage but 

from how that region is embedded within a highly interconnected and dynamic brain network 

(Veldsman & Brodtmann, 2019; Siddiqi et al., 2022). Functional connectivity studies show that stroke 

leads to widespread network interruptions, including reductions in (i) interhemispheric integration, (ii) 

segregation of ipsilesional networks, and (iii) overall network modularity (Griffis et al., 2019). These 

effects extend to regions that are structurally intact but functionally connected to the lesion site, 

demonstrating remote disruptions in large-scale organisation (Carrera et al., 2014). Together, these 

findings support a view of stroke as a network disorder (Guggisberg et al., 2019). Lesions affecting 

“connector hub” regions, which interact with multiple functional networks, produce particularly 

widespread disruptions in connectivity and are associated with more severe neurological deficits 

(Gratton et al., 2012). Such network-level disruptions are clinically meaningful, with lesion-affected 

networks showing distinct changes in functional connectivity relative to unaffected systems (Ovadia-

Caro et al., 2013). 

To understand the causal mechanisms underlying stroke-induced brain network disruptions, a 

range of lesion simulation approaches have been developed (Drost et al., 2025; Gratton et al., 2012; 

Honey & Sporns, 2008; Van Assche et al., 2022; Alstott et al., 2009; Schmidt et al., 2015; Tao & 

Rapp, 2021). Early influential work demonstrated that virtual lesions produce systematic patterns of 

remote functional disruption, with hub and midline lesions in particular leading to widespread 

bilateral effects (Alstott et al., 2009). Subsequent studies have extended this framework to examine 

questions such as network resilience and reorganisation following repeated lesions, suggesting that 

pre-existing connectivity structure can modulate vulnerability and recovery (Van Assche et al., 2022). 

Together, these approaches establish simulation as a useful tool for probing aspects of network 

disruption that are difficult to access empirically. 

Most stroke simulation studies have relied on either virtual lesioning of brain networks or 

topology-informed modulation of connectivity. In graph-theoretical approaches, brain regions are 

represented as nodes and their interactions as edges, allowing lesion effects to be modelled through 

node or edge removal within an intact connectome (Almeida et al., 2022; Miraglia et al., 2022). 

Network properties of the resulting system are then quantified using summary metrics such as 

clustering coefficient, path length, modularity, and global efficiency. While these measures provide 

useful characterisations of global organisation, they reduce complex spatially distributed changes to 

single network-level values and assume fixed node definitions for each network (Solo et al., 2018; 

Bassett et al., 2018). This limits their ability to capture graded regional changes or overlapping 

patterns of disruption across systems. More fundamentally, lesion simulation based on node or edge 
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removal treats stroke as a binary disconnection process, whereas connectivity is often weakened 

rather than eliminated in stroke, and perilesional tissue typically remains active (Carter et al., 2010; 

Dijkhuizen et al., 2012). 

An alternative class of approaches incorporates lesion topology into connectivity models by 

scaling or decaying connectivity strengths based on proximity to the lesion core (Alstott et al., 2009; 

Honey & Sporns, 2008; Kuceyeski et al., 2013). These methods introduce graded effects but remain 

fundamentally lesion-centred, in that they propagate disruption outward from the lesion without 

explicitly modelling how large-scale network organisation constrains or shapes these effects. Across 

both classes of approach, a common limitation is that they characterise stroke-induced disruption 

primarily as a local perturbation that propagates through predefined edges, without fully capturing 

changes in the organisation of intact whole-brain connectivity. In addition, relatively few studies have 

directly compared simulated lesion effects with empirically observed functional reorganisation in the 

same patients (Tao & Rapp, 2021), and it remains largely untested whether simulation-derived 

predictions generalise to behavioural outcomes in clinical stroke datasets.  

To address these limitations, we propose a connectivity‑gradient‑based stroke simulation 

model that uses lesion data to computationally simulate lesion effects at three levels: (i) focal lesion 

effects, (ii) distant effects in regions connected to the lesion core, and (iii) distributed network-wide 

changes that extend beyond directly lesion-linked connections. This approach models disruption 

within the spared connectome, allowing lesion effects to be expressed as graded changes in functional 

organisation rather than binary disconnection. 

Connectivity gradients provide a framework for modelling these effects in a continuous, low-

dimensional space. Unlike graph-theoretical approaches, which represent networks as discrete nodes 

and edges, gradients capture smooth variations in connectivity profiles across cortex, such that regions 

with similar connectivity are located near one another (Margulies et al., 2016; Wang et al., 2020; 

Bernhardt et al., 2022). The principal gradient reflects the transition from unimodal sensory–motor 

systems to transmodal regions involved in higher cognition, while additional gradients capture other 

large-scale axes of organisation, such as the distinction between visual and auditory-motor cortex 

(Wang et al., 2020). This representation allows stroke-related changes to be characterised as shifts in 

position within a continuous functional architecture, rather than as loss of discrete network 

components. 

Our simulation approach uses lesion information to estimate the proportion of intact tissue 

within each parcel of the Schaefer atlas (Schaefer et al., 2018), and applies this information to 

normative functional connectivity matrices derived from age-matched controls. Connectivity strengths 

are reduced proportionally to the amount of intact tissue, preserving graded functional integrity. These 

effects are then propagated across the connectome using an iterative diffusion-inspired procedure (cf. 
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Raj et al., 2012), allowing local tissue loss to influence both directly connected regions and more 

distant areas that depend on affected inputs. This propagation step is intended to capture diaschisis-

like effects within an intact network architecture. The resulting patterns of disruption are then 

projected into connectivity-gradient space to obtain low-dimensional representations of large-scale 

functional reorganisation. 

We evaluated the performance of this iterative‑propagation simulation using the Predicting 

Language Outcome and Recovery After Stroke (PLORAS) dataset (Seghier et al., 2016), which 

includes structural MRI, resting‑state fMRI, and detailed behavioural assessments. This enables direct 

comparison between simulated gradient changes derived from lesions and empirically observed 

gradient reorganisation within the same individuals. Language performance was assessed using the 

Comprehensive Aphasia Test (CAT). We addressed three questions: (i) to what extent can lesion-based 

simulations of stroke-related changes reproduce observed changes in connectivity gradients? (ii) 

whether simulated and observed gradients capture similar patterns of large-scale functional disruption; 

and (iii) whether regions identified by the simulation as behaviourally relevant show corresponding 

associations with language outcomes in the empirical data. Linking simulation-derived gradient 

changes to behavioural outcomes provides a means of assessing whether the model captures 

functionally meaningful aspects of network disruption. Language impairments after stroke are not 

confined to classical language regions but involve distributed networks, including domain-general 

control systems (Hope et al., 2024; Zevgolatakou et al., 2022). The CAT assesses multiple language 

domains (comprehension, speech, reading, writing) that depend on these distributed systems 

(Swinburn et al., 2012). Convergence between simulated and observed gradient–behaviour 

relationships would therefore indicate that the model captures behaviourally relevant patterns of large-

scale functional reorganisation rather than purely local effects. 

 

 

4.3. Methods 

4.3.1. Participants 

We included 86 age‑matched control participants and 83 chronic stroke survivors from the PLORAS 

(Predict Language Outcome and Recovery After Stroke) dataset (Seghier et al., 2016). None of the 

stroke participants had additional neurological or psychiatric conditions such as dementia or 

depression. All selected stroke participants had both T1‑weighted structural scans and resting‑state 

fMRI. We  applied specific inclusion criteria for resting‑state fMRI required for functional 

connectivity analyses: (1) at least 70% valid scans; (2) no denoising failure; and (3) mean head 

motion below 0.35 mm. Based on these criteria, we excluded 23 stroke patients and 7 age‑matched 
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controls. The final sample included 60 stroke individuals (24 females; mean age = 56.86 ± 10.74 

years) and 79 age‑matched controls (43 females; mean age = 38.23 ± 16.2 years). The stroke 

participants’ mean age at stroke onset was 52.25 ± 11.51 years, and their mean post‑stroke duration 

was 55.31 ± 58.12 months. Although the available control group was younger than the stroke cohort, 

the analyses below focus on within-subject comparisons between simulated and observed gradients; 

normative connectivity patterns were used primarily as a baseline for modelling stroke-related 

changes in simulated and real functional connectivity data.  

4.3.2. Comprehensive Aphasia Test 

The Comprehensive Aphasia Test (CAT; Swinburn et al., 2004) assesses language dysfunction in 

stroke. This test provides a broad assessment of performance in language functions and 

language‑related cognitive domains in patients with aphasia. The test consists of language production 

tests (repetition, naming, and spoken picture description), comprehension of spoken and written 

language, reading, writing, and repetition skills. There are additional subtests that examine cognitive 

domains: line bisection, semantic memory, word fluency, recognition memory, gesture‑object use, 

and arithmetic. All stroke participants included in this study completed the CAT. We performed 

principal component analysis (PCA) on the CAT subtests to reduce these correlated language subtests 

into distinct language domains that explained unique variance. Before performing PCA on these tests, 

we first identified suitable subtests by examining score variability using the interquartile range (IQR). 

Five subtests had few items and an IQR of zero, indicating that at least 50% of individuals received 

the same score, and were excluded (semantic memory, repetition of complex words, writing copy, 

comprehension of spoken paragraph, and reading functional words) from the PCA. PCA with oblique 

rotation was conducted on the standardised Z‑scores of the remaining subtests using R Studio. The 

language components with eigenvalues greater than 1 were included, resulting in six components. The 

first four components loaded on multiple subtests and were readily explainable as broader language 

domains; the fifth and sixth components captured more task‑specific variance and are reported in the 

Supplementary Materials (Supplementary Figure 4.S1). 

4.3.3. Lesion segmentation 

For all participants in the stroke cohort, whole-brain T1-weighted structural MRI was acquired during 

the same session as the resting-state data, using research-dedicated 3T Siemens scanners at the 

Department of Imaging Neuroscience, UCL. We segmented the lesions using established procedures 

implemented in SPM (running in MATLAB). First, T1 weighted image was spatially normalised to 

MNI space and then converted into a continuous lesion map which quantified structural abnormality 

at each voxel on a scale from 0 (normal) to 1 (abnormal), comparing with normative data from 

neurologically healthy controls (Seghier et al., 2008). To generate binary lesion images, each lesion 

map was thresholded at 0.3. This procedure has previously been shown to provide robust associations 
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with behavioural outcomes; therefore, no further manual edits were applied. We used the fslmaths tool 

from FSL (FMRIB's Software Library) to binarise the segmented lesions maps. These lesion maps 

were instrumental in deriving simulated lesion connectivity matrix. 

4.3.4. Resting-state fMRI data preprocessing 

The CONN toolbox was used for preprocessing the resting-state functional magnetic resonance 

imaging (fMRI) of age-matched controls and stroke patients (v.22b; Whitfield-Gabrieli and 

Nieto-Castanon, 2012), implemented in MATLAB R2023a. The default preprocessing pipeline in 

CONN included motion estimation; correction by volume realignment using a six-parameter 

rigid-body transformation; slice-timing correction; and simultaneous segmentation of white matter, 

grey matter, and cerebrospinal fluid, followed by normalisation to MNI152 stereotactic space (2 mm 

isotropic voxel size) performed for both functional and structural MRI. The following potential 

confounding variables were statistically controlled after preprocessing: six motion parameters 

estimated in the previous step and their first- and second-order derivatives; volumes with excessive 

movement (motion > 0.5 mm or global signal change > z = 3); linear drifts; and five principal 

components of signals from white matter and cerebrospinal fluid (CompCor approach; Behzadi 

et al., 2007). Finally, a band-pass filter (0.01–0.1 Hz) was applied to the data, and global signal 

regression was not performed. 

4.3.5. Whole-brain functional connectivity 

We constructed a functional connectivity (FC) matrix for each individual in both groups after 

preprocessing and denoising the resting‑state fMRI data. First, we extracted the mean functional time 

series of each of the 400 cortical parcels based on the Schaefer parcellation (Schaefer et al., 2018) 

(https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/brain_parcellation/Schaefer201

8_LocalGlobal). Next, we estimated pairwise Pearson correlations between the mean time series of all 

parcels, resulting in a 400 × 400 FC matrix for each individual. The Schaefer parcels were aligned to 

the seven canonical networks from the Yeo parcellation (Yeo et al., 2011) based on spatial overlap. 

Lesioned parcels were not removed at this stage because we assumed that they do not influence the 

variance explained by the functional connectivity patterns and therefore would not affect the gradient 

structure. However, lesioned parcels were removed in the spatial correlation analyses, and these 

parcels were masked out in analyses focusing on associations between language outcomes and 

post‑stroke gradient changes, from simulation and observed data. Finally, group‑level matrices were 

generated separately for the stroke group and the age‑matched control group by averaging the 

individual FC matrices within each group. 

4.3.6. Functional connectivity gradient extraction 

The BrainSpace Toolbox was used to extract ten gradients from the functional connectivity matrix 

generated from the resting‑state data of each stroke patient and each age‑matched control 
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(dimension‑reduction technique = diffusion embedding, kernel = normalized angle, sparsity = 0.9). 

We also derived ten gradients from the simulated lesion connectivity matrix. Details on the generation 

of the simulated lesion connectivity matrix are provided in Section  4.3.7. Extracting ten gradients 

allows the first three gradients to achieve a greater fit with canonical group‑level gradients (Margulies 

et al., 2016; Gonzalez Alam et al., 2021; McKeown et al., 2020). We mainly focused on the first three 

gradients, as they explain the greatest variance in functional connectivity and have been used to 

characterise functional relationships between brain regions. Procrustes rotation is a critical step in the 

process of gradient extraction, as it increases the agreement between individual canonical gradients 

and the group‑level solutions, improving the interpretability of gradient analysis (Margulies et al., 

2016; Gonzalez Alam et al., 2021; McKeown et al., 2020). The individual‑level gradients for 

age‑matched controls and stroke patients were aligned using Procrustes rotation to gradients extracted 

from a subsample of the Human Connectome Project (HCP) dataset (n = 217; 122 women; mean ± SD 

age = 28.5 ± 3.7 years; for more information on subject selection, see Vos de Wael et al., 2018), which 

is embedded within the BrainSpace Toolbox (Vos de Wael et al., 2020). This procedure translates, 

rotates, and scales configurations to optimise alignment with the larger group average (Goodall, 1991; 

Vos de Wael et al., 2020), while preserving the overall shape and structure of the data (Siegel et al., 

2017), ensuring that gradients for individuals can be interpreted within a common space. Similarly, 

group‑level gradients for age‑matched controls were also aligned to the HCP gradients using 

Procrustes rotation. 

4.3.7. Simulated lesion functional connectivity 

We simulated the direct and indirect effects of lesions on the normative functional connectivity (FC) 

of aged controls using an iterative propagation model. This model is conceptually similar to the 

well‑established lesion network mapping approach, where network disruption is examined by 

estimating the lesion’s connectivity with the rest of the brain using a normative connectome to 

generate a disconnection map (e.g., Fox, 2018; Boes et al., 2015). We used lesion data derived from 

stroke individuals’ structural MRI scans to simulate post‑stroke changes in FC. The simulation 

approach consisted of two parts. The first part focused on modelling the focal and lesion‑linked 

remote effects by proportionately reducing the FC matrix of aged controls. A lesion matrix was 

constructed using lesion information from the structural images to scale functional connections 

according to the proportion of intact tissue. The second part involved propagating lesion‑induced 

effects across the cortex by constructing an edge‑wise scaling matrix and superimposing these 

reductions onto the lesion‑modelled matrix from the first part to produce whole‑brain network‑level 

disruption. The propagation concept was inspired by Raj and colleagues’ (2012) network diffusion 

model, used to simulate dementia‑related network alterations. In our framework, the first part models 

the direct effects of stroke by proportionately reducing connections associated with the affected 

parcels in the FC matrix—that is, applying reductions to the specific rows and columns corresponding 
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to lesioned parcels. The subsequent propagation step allows lesion effects to spread across the cortex 

by reducing connectivity across all edges, enabling simulation of indirect and remote disruptions and 

capturing whole‑brain network disturbance beyond the lesion’s immediate neighbourhood (Figure 

4.1). 

Focal lesion effects were simulated by constructing a lesion matrix that represented the 

pairwise association of intact tissue between cortical parcels. Segmented lesion maps were derived 

from T1-weighted images. Each binarised lesion map was multiplied by the Schaefer 400-parcel 

template (aligned to the 7 Yeo networks; Yeo et al., 2011) to map the lesion maps to this atlas template 

using FSL’s fslmaths tool. This step identified affected parcels and estimated the proportion of each 

parcel that was lesioned (lesion load). The proportion of intact tissue in each parcel was calculated as 

the complement of lesion load, yielding 400 parcel-wise values. A 400 × 400 lesion matrix was then 

constructed by computing the pairwise products of all intact parcel values, such that each matrix entry 

represented the estimated fraction of connectivity preserved between two parcels based on the amount 

of intact tissue in both. The underlying assumption is that a fully intact parcel maintains its typical 

level of functional connectivity with the rest of the brain. If a parcel retains 60% intact tissue, then all 

of its functional connections to other regions are scaled according to that 60% integrity, rather than 

being removed or uniformly set to zero. To simulate the direct impact of stroke on functional 

connectivity, each lesion matrix was multiplied element-wise with the corresponding aged control FC 

matrix. This operation proportionately reduced the strength of functional connections according to 

intact tissue, thereby modelling immediate post-stroke connectivity loss, such that 

𝐹𝐶lesioned = 𝐹𝐶aged control × Lesion Matrix. 

 

 

Indirect effects of stroke were then modelled using an edge‑based propagation approach, 

which introduces functional disruptions across the cortex. This results in larger connectivity 

reductions for parcels directly affected by stroke and comparatively smaller reductions in structurally 

intact parcels relative to the aged‑control baseline. Together, these effects produce distributed 

network‑level disruptions across the cortex. Lesion‑induced functional disruption was propagated 

across the cortex through the construction of an edge‑wise connectivity loss matrix. These 

calculations were performed separately for each aged‑control functional connectivity matrix, thereby 

simulating 79 lesion‑specific FC perturbations per lesion. This step allowed us to model how focal 

tissue loss cascades through the preserved connectome to generate indirect and remote effects beyond 

the lesion’s immediate neighbourhood. For each pair of parcels, fractional connectivity loss was 

estimated by comparing the functional connection strength in the lesioned FC matrix with the 

corresponding connection in the aged control FC matrix. In other words, the ratio between the 
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lesioned and baseline connectivity values was calculated, and the proportional reduction in 

connectivity strength was defined as one minus this ratio: 

𝑙𝑜𝑠𝑠𝑖𝑗 = 1 −
∣ 𝐹𝐶𝑙𝑒𝑠𝑖𝑜𝑛𝑒𝑑,𝑖𝑗 ∣

∣ 𝐹𝐶𝑐𝑜𝑛𝑡𝑟𝑜𝑙,𝑖𝑗 ∣
 

 

This formulation directly quantifies the fractional reduction in connectivity strength for each 

functional connection relative to the aged control baseline. Each edge in the FC matrix represents a 

connection between a pair of parcels. This edge-wise loss was converted into a scaling factor using 

the equation 

𝑠𝑐𝑎𝑙𝑒𝑖𝑗 = (1 − 𝛼 ⋅ 𝑙𝑜𝑠𝑠𝑖𝑗)
𝛾 

 

where α represents propagation strength and γ represents nonlinearity. Different combinations 

of these parameters were applied to model variability in how strongly and nonlinearly lesion effects 

propagated across the cortex. Propagation strength (α) was set to {0.1, 0.3, 0.5, 0.8, 1.0}, reflecting 

the magnitude at which local connectivity loss spreads globally across the functional network. Higher 

α values (e.g., 0.8 or 1.0) produced stronger propagation of stroke effects beyond directly damaged 

regions, modelling more extensive network-level disruption, whereas lower values constrained effects 

more locally around lesioned parcels. Nonlinearity (γ) was set to {1.0, 0.8, 0.3}, controlling the 

sensitivity of scaling to connectivity loss. Higher γ values resulted in approximately linear, 

proportionate reductions, whereas lower values introduced softer, more conservative scaling and 

reduced excessive global propagation of lesion effects. The edge-wise scaling factors for each 

connection were then organised into a scaling matrix representing the propagated connectivity 

disruption across all parcel pairs. This procedure was iterated three times to allow progressively 

stronger propagation of lesion-induced disruption through the brain network. The multi-step iteration 

was designed to capture both direct lesion effects (iteration 1) and higher-order remote network effects 

in structurally intact parcels that depend on indirect inputs from the damaged region (iterations 2 

and 3), following the principles of network-based propagation models (Iturria-Medina et al., 2014; 

Pandya et al., 2019; Raj et al., 2012).  

The scaling matrix obtained after the third iteration was then multiplied element-wise with the 

lesioned FC matrix to generate the final simulated FC matrix. The final simulated FC matrix for each 

lesion was generated by performing element-wise multiplication between the scaling matrix and the 

lesioned FC matrix. 

 

𝐹𝐶simulated lesion = 𝐹𝐶lesioned × Scaling Matrix. 
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For each lesion, this procedure produced one simulated functional connectivity matrix per 

aged control for each α–γ parameter combination. These simulated matrices were then averaged 

across controls to obtain a single ensemble simulated FC matrix per lesion for each α–γ parameter 

combination. The resulting matrix is a robust overall estimate of the lesion’s impact on functional 

connectivity. This step yielded one simulated (propagated) functional connectivity matrix per lesion 

for each α–γ parameter combination, capturing both direct and remote (network-level) effects of the 

lesion. We used five different lesion propagation strengths by setting α to 0.1, 0.3, 0.5, 0.8, and 1.0. 

Each α value was then modelled with three different γ values {1.0, 0.8, 0.3}, resulting in 15 

combinations of α–γ parameters. Different propagation strengths and levels of nonlinearity were 

tested to identify which α–γ parameter combination produced gradients that were closer to the 

observed post-stroke gradients. Finally, connectivity gradients were extracted from the simulated FC 

matrices for each lesion and for each α–γ parameter combination. We also extracted connectivity 

gradients from the lesioned FC matrices for each lesion, which represent the direct effects of stroke 

without propagation. This comparison allows evaluation of how propagation modelling captures 

distributed network disruptions beyond the focal lesion effects. 
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Figure 4.1. Processing pipeline for simulated post-stroke gradients for each lesion using the 

iterative propagation model. A) A connectivity matrix for each control was generated by 
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computing the Pearson correlation between the mean time series of each of the 400 ROIs, 

resulting in a 400 × 400 connectivity matrix per participant. B) The T1-weighted brain map 

for each lesion was multiplied by the Schaefer parcellation (400 parcels) to identify lesioned 

parcels. Lesion complements were then estimated from the lesioned parcels for each lesion 

and these values were used to generate lesion matrices. C) Each lesion matrix was element-

wise multiplied with the 79 individual functional connectivity matrices from the aged control 

group, yielding 79 FC lesioned matrices per lesion. D) Fractional connectivity loss was 

estimated for each FC lesioned matrix relative to each aged control matrix, and scaling 

matrices were constructed using α–γ parameter combinations (this step was iterated three 

times). E) Each FC lesioned matrix was then multiplied element-wise with the scaling matrix, 

resulting in simulated functional connectivity matrices for each control, introducing network-

wide disruptions. F) Simulated post-stroke gradients were then extracted for each lesion from 

the ensemble-averaged simulated functional connectivity matrix obtained by averaging across 

the control-specific simulations. 

 

4.3.8. Post-stroke gradient differences 

To capture stroke-related gradient differences relative to the age-matched controls, we generated 

gradient difference maps for both the observed and simulated stroke gradients. These gradient 

difference maps highlight the specific effects related to stroke by showing each parcel’s displacement 

across the gradient axes. The gradient difference maps for both observed and simulated stroke 

gradients were derived by subtracting each stroke gradient from the corresponding aged control 

gradient using the fslmaths tool from FSL (FMRIB’s Software Library) for the first three gradients. 

Gradient difference maps were generated for simulated stroke gradients obtained from all α–γ 

parameter combinations. In addition, gradient difference maps were also generated for the focal-effect 

simulations derived from the lesioned FC matrices (without propagation) to characterise the gradient 

changes associated with direct lesion effects alone. 

4.3.9. Highest‑correlation α–γ parameter 

We extracted connectivity gradients for all α–γ parameter combinations used to simulate stroke 

effects beyond the focal lesion impact. We also derived connectivity gradients for aged controls and 

for the stroke participants from their resting‑state fMRI scans. Stroke‑related gradient changes were 

captured by subtracting each stroke gradient from the average aged‑control gradient. These 

post‑stroke gradient difference maps were generated for both the observed data and all α–γ simulation 

parameter combinations. All statistical analyses were performed on these difference maps, as they 

reflect each parcel’s displacement along the gradient axes relative to the normative control 

organisation. The similarity between post‑stroke difference gradients derived from resting‑state fMRI 
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in observed stroke and simulations derived from lesion data of the same individual was estimated 

using spatial correlation analysis. For each lesion, spatial correlations were computed between the 

observed gradient difference map and the simulated gradient difference maps from all α–γ parameter 

combinations using spin permutation testing. We then identified which α–γ parameter combinations 

yielded the highest correlations for each lesion. The spatial correlation values showed minimal 

variation across α–γ parameter combinations, differing only slightly in magnitude. For each lesion, the 

parameter combination producing the highest correlation is reported in the Supplementary Materials 

(Supplementary Figures 4.S2 and 4.S3).  

Across lesions, the parameter combination α = 0.1 and γ = 0.8 most frequently yielded the 

highest correspondence between simulated and observed gradients. For each α–γ parameter, the 

number of stroke cases for which it produced the highest correlation between the simulated and 

observed gradients is shown in the bar plot in Supplementary Figure 4.S4. This pattern suggests that, 

within our propagation framework, the lowest propagation strength with approximately linear scaling 

of connectivity loss (γ = 0.8) best captures post-stroke gradient reorganisation, consistent with the 

idea that lesions alter, but do not fully collapse, whole-brain network structure. All statistical analyses 

reported in the following sections are based on the α = 0.1, γ = 0.8 parameter combination. Using 

these fixed parameters allowed all lesions to be tested under the same propagation parameter space, 

enabling comparable results and identification of cases for which the simulations worked well. 

 

4.4. Statistical analyses 

4.4.1. Spatial correlation analyses 

We performed spin permutation testing to estimate the spatial similarity between post-stroke gradient 

differences captured by the observed and simulated lesion effects. We computed spatial correlations 

for all α–γ parameter combinations to identify which parameter combinations captured the highest 

spatial correspondence across stroke cases. Additionally, spatial correspondence of post-stroke 

changes was estimated between the observed gradients and the simulations for each stroke case. Spin 

permutation testing for spatial correlation accounts for spatial autocorrelation, which is an inherent 

property of brain imaging data where neighbouring regions display greater similarity than remote 

regions (Alexander-Bloch et al., 2018; White et al., 2022). We conducted spin permutation tests on 

post-stroke gradient difference maps by comparing each lesion’s observed gradient difference map 

with the simulated gradient difference maps generated from each α–γ parameter combination. For this 

analysis, we used the Neuromaps Python library (Markello et al., 2022). First, post-stroke difference 

maps were converted from MNI152 volumetric space to cortical surface space using Neuromaps. 

Then, a set of N = 5000 randomly rotated versions of the simulated gradient maps were generated by 
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applying spherical rotations (“spins”) to the data, resulting in a null distribution of simulated gradient 

maps that retain spatial autocorrelation, while the observed gradient difference map was kept fixed. 

For each permuted simulated map, the Pearson correlation with the observed gradient difference map 

was computed to generate a null distribution of correlation coefficients. The correlation between the 

simulated and observed maps was then compared against this null distribution to derive a p-value, 

allowing the statistical significance of their correspondence to be evaluated while accounting for 

spatial autocorrelation. 

4.4.2. Lesion–gradient symptom mapping  

We examined whether the simulated stroke gradient changes from the best alpha–gamma parameter 

combinations were associated with the language outcomes from the PCA in a similar manner to the 

observed post-stroke gradient changes. This was tested in two phases: first, identifying significant 

simulated gradient parcels linked to language outcomes using lesion–gradient symptom mapping; 

second, validating these simulation-identified effects in observed stroke gradients (see section 4.4.3). 

We performed lesion–gradient symptom mapping on simulated gradients, focusing on the following 

questions: what stroke-related changes are captured by the simulated gradients, and are there any 

associations between the PCA-derived language components and simulated post-stroke gradients? A 

general linear model was used to examine the associations between simulated stroke gradient changes 

(using gradient difference maps with baseline aged-control gradient effects removed) and the PCA-

derived language components as covariates of interest. We also entered whole-brain lesion size 

as a covariate of no interest. 

 We set up contrasts for each PCA-derived language component to identify parcels where 

simulated stroke gradient differences relative to the average aged controls were linked to language 

outcomes. For each component, two contrasts were included: better and worse performance, as 

functional reorganisation may underlie both of these effects. Lesion–gradient symptom mapping was 

implemented using nonparametric t-tests in Randomise (Winkler et al., 

2014, https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise/UserGuide), with 5000 

permutations performed. Threshold-free cluster enhancement was applied to identify significant 

parcels where differences in simulated stroke gradient values were statistically associated with PCA-

derived language components. Family‑wise error (FWE) correction was applied to control for 

multiple comparisons. A Language network mask from Neurosynth was used as the search space for 

this analysis. Damaged voxels in at least 25% of stroke survivors were identified and excluded, 

ensuring that analyses focused on connectivity gradient changes in structurally intact tissue. This 

threshold represented 75% of all lesioned voxels, which were excluded from the whole-brain and the 

language network region of interest (ROI) analysis. For visualisation, the statistical maps generated 

for each contrast were thresholded at 0.95, reflecting significant values in the TFCE-corrected 1–p 

maps. We also performed the lesion gradient symptom mapping using the same approach on the 

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise/UserGuide


Page | 107  

 

observed stroke difference gradient maps to examine whether the same clusters, or neighbouring 

clusters, identified in the observed gradients were replicated by the simulation. 

4.4.3. Validation of lesion–gradient symptom mapping of simulation 

To validate our findings, we extracted real post-stroke connectivity values (from Chapter 3) 

specifically from the brain clusters identified in our current simulations, and tested whether these real 

values were associated with the same language components found in the simulation analyses. The 

clusters associated with simulated stroke gradient changes and PCA-derived language components 

were identified using lesion–gradient symptom mapping (see Section 4.4.2). We employed robust 

linear regression (M-estimator) to detect true effects in the observed gradients that might otherwise 

have been missed. The robust regression analyses were designed to match the original simulation's 

GLM. For each model, the predictor was the observed difference-gradient value extracted from the 

significant simulation clusters, and the outcome variable was the corresponding language component 

score. Lesion size and the remaining PCA-derived language components were included as nuisance 

variables to control for their effects. Freedman–Lane permutation included recomputing the regression 

slope for each permutation and bootstrapped confidence intervals. Directional (one-tailed) 

permutation tests were used to evaluate significance in the expected direction defined by simulation-

based contrasts (for example negative contrast in randomise test negative slope only). Benjamini–

Hochberg FDR correction (q < 0.05) was applied to control for multiple comparisons within each 

component-specific parcel. The empirical p-value was computed as the proportion of permuted slopes 

more extreme than the observed slope (one-tailed, based on the hypothesised direction). 

 

4.5. Results 

4.5.1. Lesion analysis 

Of the 60 stroke participants, we excluded 2 cases with lacunar infarcts and 6 cases with lesions 

confined entirely to subcortical regions, as cortical damage is essential for simulating lesion effects on 

functional organisation. The final sample comprised 52 individuals with stroke (19 females; mean age 

= 57.04 ± 10.57 years). Within this cohort, 31 had left‑hemispheric lesions, 6 had right‑hemispheric 

lesions, and 15 had bilateral lesions. Lesion volume was calculated as the number of stroke‑affected 

voxels, with a mean of 13,277 (SD = 11,355). Lesions involved both cortical and subcortical regions, 

with the greatest overlap observed in the left anterior thalamic radiation and corticospinal tract, 

affecting 30 of the 52 participants (Figure 4.2A). Cortical involvement extended across frontal, 

parietal, and occipital regions, with some temporal areas affected, whereas the frontal pole, temporal 

fusiform cortex, and parahippocampal gyrus were spared. 
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Figure 4.2. Lesion distribution across the stroke cohort. (A) Lesion overlap map for the 52 

stroke patients. Binary lesion masks were generated using FSLmaths (Jenkinson et al., 2012) 

and visualised in MNI space with MRIcroGL. Brighter colours indicate greater lesion overlap 

across patients. (B) Bar plot showing the number of lesioned parcels for each participant. 

 

Our simulation framework is based on parcel-wise lesion information, hence we characterised 

the distribution and extent of lesioned parcels across stroke participants (Figure 4.2B). We tested this 

approach in a sample with a broad range of lesioned profiles, allowing us to test the model across 

various lesion loads in diverse locations. The number of lesioned parcels was estimated by mapping 

the lesion maps to the Schaefer 400-parcel template (aligned to the 7 Yeo networks; Yeo et al., 2011) 

and then estimating the number of affected parcels using the fslstats tool from FSL (FMRIB's 

Software Library). The smallest cortical lesion involved 2 parcels and the largest cortical lesion 

affected 152 parcels (mean = 51.8 ± 37.9 lesioned parcels). The lesion complement (intact tissue per 
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parcel) derived from these lesioned parcels formed the basis of the lesion matrices used in our 

simulations of stroke effects on connectivity gradients. 

4.5.2.  Principal Component Analysis: Comprehensive Aphasia Test 

The first four components explained 59% of the total variance, with two additional components 

accounting for a further 10%, giving a cumulative variance of 69%. The PCA loading matrix for all 

CAT subtests and the scree plot of eigenvalues are provided in the Supplementary Materials 

(Supplementary Figure 4.S1). The first component (36% variance) showed strong loadings for reading 

words (0.95), object naming (0.79), reading non‑words (0.77), and reading complex words (0.75). The 

second component (9% variance) loaded highly on digit‑string repetition (0.77) and sentence 

repetition (0.68) and reflected phonology and verbal working memory. The third component (7% 

variance) showed high loadings for written picture naming (0.89) and writing to dictation (0.69), 

capturing writing and visuomotor abilities. The fourth component (6% variance) loaded on written 

word comprehension (0.82), spoken word comprehension (0.54), and arithmetic (0.58), suggesting 

semantic and broader cognitive demands, although this component showed more cross‑loadings and 

was less clearly defined. Two additional components had eigenvalues >1 but were dominated by 

single tasks—recognition memory (0.65) and gesture (0.94)—and were therefore treated as 

task‑specific variance rather than meaningful latent dimensions. These components were included as 

covariates in subsequent analyses but were not interpreted further (see Supplementary Figure 4.S1). 

PCA scores were extracted for each component, with lower scores indicating greater impairment. 

Although PCA was conducted on the full stroke sample (n = 60) in Chapter 3, lesion–gradient 

mapping analyses used component scores only from the 52 individuals with usable fMRI data and 

cortical lesions, as the simulation approach required cortical lesion maps (the remaining eight 

participants had subcortical lesions). 

4.5.3. Single‑case illustration of the lesion simulation model 

In Figure 4.3, we show an example of how closely the simulation model reproduced lesion-related 

effects for an individual case. A moderate level of similarity is evident between the observed and 

simulated post-stroke FC matrices (Figure 4.3A–B). In the top panel, the spatial correlation between 

the observed and simulated stroke gradients was 0.63 (p = 0.0002) for Gradient 1, which captures the 

transmodal–unimodal axis. Transmodal regions in the simulation—including the temporal pole, 

angular gyrus, precuneus, and right prefrontal cortex—as well as unimodal regions such as the 

postcentral gyrus and visual cortex—occupied positions closely matching those in the observed 

Gradient 1 maps (Figure 4.3C–D). In the bottom panel, Gradient 2 illustrates the visual–motor axis, 

where the simulation similarly reproduced the broad spatial organisation observed in the empirical 

data (r = 0.77, p = 0.0002). In particular, the medial prefrontal cortex and portions of the motor and 

visual cortices showed spatial positions closely aligned with those in the observed Gradient 2. 
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Figure 4.3. Visual correspondence between observed and simulated stroke connectivity. (A) 

Observed stroke functional-connectivity (FC) matrix. (B) Simulated stroke FC matrix. (C) 

Observed stroke gradients. (D) Simulated stroke gradients. Gradients for the observed and 

simulated stroke are shown using a purple-to-green colour scale, where transmodal regions 

are represented by shades of purple and unimodal regions by shades of green. Gradient 1 

captures the transmodal–unimodal axis of functional organisation, and Gradient 2 captures 

the visual–motor axis. The individual case that showed the highest spatial correlation 

between observed and simulated gradients for both Gradient 1 and Gradient 2 is displayed.  

 

4.5.4. Spatial correlation: Focal effects simulation vs. iterative propagation simulation  

We identified the parameter setting α = 0.1 and γ = 0.8 as producing the highest correlation for the 

maximum number of lesions when comparing the iterative-propagation–based simulation with the 

observed stroke gradients (Section 4.3.8). We then compared the iterative propagation model with the 

direct lesion effects simulation to determine which approach more closely replicated the post-stroke 

connectivity gradient changes observed in resting-state data. All analyses were performed on the 

gradient-difference maps. Spatial correlations were computed between the observed post-stroke 

gradient differences and the simulated gradient differences for both the iterative propagation model 

and the direct lesion effects simulation (without propagation). For each lesion, spatial correlations 

were estimated using spin permutation. For Gradient 1, the iterative propagation model yielded 

significant correspondence in 41 of 52 lesions (r = 0.25–0.63 per individual; group mean = 0.40, SD = 

±0.09). The direct lesion effects simulation showed significant similarity in 30 of 52 lesions (r = 0.33–

0.57 per individual; group mean = 0.34, SD = ±0.11). In addition, 32 lesions in the iterative 
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propagation model exceeded a correlation of 0.3, indicating that incorporating the α–γ parameters 

captured meaningful aspects of the observed gradient alterations. 

For Gradient 2, the iterative-propagation model showed significant spatial correspondence in 

42 lesions (r = 0.24–0.58 per individual; group mean = 0.43, SD = ±0.06), whereas the focal lesion 

simulation produced significant similarity in 23 lesions (r = 0.30–0.63 per individual; group mean = 

0.30, SD = ±0.15). Of the 42 significant cases in the iterative-propagation model, 41 exceeded a 

correlation of 0.3, suggesting that the model captured a substantial proportion of the observed 

Gradient 2 changes. The distribution of spatial correlation values for the iterative propagation and 

direct lesion-effects simulations is shown in Figure 4.6, illustrating how the iterative propagation 

model achieved higher correspondence with the observed stroke gradients across both Gradient 1 and 

Gradient 2.  

For Gradient 3, correspondence was weak: the iterative-propagation model produced 

significant correlations in only 14 lesions (r = 0.10–0.20), and the direct lesion-effects simulation 

performed even less effectively. Given the limited ability of these two approaches to reproduce 

Gradient 3, subsequent statistical analyses focused on Gradients 1 and 2.  

The Fisher z‑transformed correlation values between the observed gradient‑difference maps 

and the simulated gradient‑difference maps for both simulation approaches, for Gradient 1 and 

Gradient 2, are reported in Table 4.S1 in the supplementary material. Wilcoxon signed-rank tests were 

used to compare the performance of the two simulation methods. For this analysis, Fisher 

z-transformed spatial correlations between the observed gradient difference maps and the simulated 

gradient difference maps were compared on a lesion-by-lesion basis. For Gradient 1, the iterative 

model produced a slightly higher mean Fisher z value than the direct simulation (0.388 vs 0.360), but 

this difference was not statistically significant (W = 764, p = 0.247). The iterative model yielded 

higher correlations in 27 of the 52 lesions. For Gradient 2, the iterative model showed stronger 

correspondence with the observed gradients than the direct simulation. The mean Fisher z value was 

0.323 for the direct simulation and 0.409 for the iterative model, and this improvement was 

statistically significant (W = 1034, p = 0.00084). In total, 38 of the 52 lesions showed higher 

correlations following iterative propagation. These findings suggest that the iterative propagation step 

can improve the reproduction of observed stroke-related gradient alterations, particularly for Gradient 

2, where propagation significantly increased correspondence with the observed gradients.  

4.5.5.  Post-stroke connectivity gradients 

Connectivity gradients for aged controls, observed stroke, and simulated stroke are shown in Figure 

4. 4. All gradients are displayed using the same purple‑to‑green colour scale, where dark purple 

indicates higher gradient values and dark green indicates lower values. Gradient 1 differentiates 

transmodal (purple) from unimodal (green) regions, and Gradient 2 separates visual (purple) from 
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motor (green) regions. Aged‑control maps show clear separation between regions occupying the 

extreme poles of Gradients 1 and 2 (Figure 4. 4A). The observed stroke gradients show attenuated 

functional separation along both the transmodal–unimodal and visual–motor axes, revealed by less 

intense colours (Figure 4.4B). The simulated gradients broadly reproduced this attenuation. For 

Gradient 1, transmodal regions—including prefrontal cortex, precuneus, and intraparietal lobule—and 

unimodal motor regions occupied similar positions to those in the observed stroke gradients along the 

transmodal–unimodal axis. For Gradient 2, the simulation captured some overall compression of the 

visual–motor axis, particularly within motor regions, consistent with the observed gradients, but 

visual areas did not show the same degree of attenuation as the observed stroke gradients (Figure 

 4.4C). 

 

 

Figure  4.4. Functional connectivity gradients for age‑matched controls, observed stroke, and 

simulated stroke. Darker purple indicates higher gradient values and darker green indicates 

lower values. A) Aged‑control gradients. B) Observed stroke gradients. C) Simulated stroke 

gradients. The top row shows Gradient 1, representing the unimodal–to–transmodal axis, and 

the bottom row shows Gradient 2, representing the visual–to–motor axis. Compared with 

age‑matched controls, the simulated and observed stroke gradients showed a reduction in 

gradient differentiation. 

 

We then examined whether the simulation’s replication accuracy depended on lesioned hemisphere or 

lesion size, and found that it was not influenced by either factor. Spatial correlation values between 

observed and simulation for each case, based on lesion category (left hemispheric, right hemispheric, 
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and bilateral infarcts), are reported in Supplementary Figure 4.S5 in the supplementary material. 

Associations between lesion size and simulation performance, assessed through spatial correlation 

estimates, are also reported in the supplementary material (supplementary Figure 4.S6). 

 

 

Figure 4.5. Distribution of correlation values for iterative propagation and direct lesion 

effects simulation. Density plots show the distribution of spatial correlation values between 

observed post-stroke gradient difference maps and simulated gradient difference maps for 

each simulation approach. Higher correlation values reflecting greater correspondence 

between simulated and observed post-stroke gradient changes. A) Gradient 1 and B) 

Gradient 2 illustrate the comparison between the iterative propagation model (green) and the 

direct lesion-effects simulation (pink).  

 

4.5.6. Post-stroke connectivity gradient changes: observed versus simulated gradients from the 

iterative propagation model 

Next, we compared stroke-specific effects between the observed gradients and those simulated using 

the iterative propagation model. For this analysis, we generated difference maps by subtracting each 

lesion gradient from the average aged-control gradient. These maps were created for both the 

observed gradients and the simulated gradients derived from the iterative propagation method. The 

average difference-gradient maps for the observed and simulated data are provided in the 

supplementary material (supplementary Figure 4.S7).Whole‑brain non‑parametric tests were 

conducted separately for the observed and simulated gradients, and we then assessed how closely the 

significant post‑stroke changes from simulation matched the significant changes in the observed 
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gradients, which reflect the real effects of stroke on connectivity gradients.  We quantified how well 

the simulation captured the real pattern of post-stroke disruption by first estimating the spatial 

correlation between the group-level significant post-stroke changes in the observed and simulated 

gradients. The simulation reproduced the observed pattern at a moderate to strong level (r = 0.692, p = 

0.0003). 

Figure 4.6 shows the significant post-stroke gradient changes for both the observed and 

simulated gradients. Regions in warm colours indicate significant shifts toward the bottom end of the 

gradient, whereas regions in cool colours indicate significant shifts toward the top end. In Gradient 1, 

the observed stroke group showed transmodal regions—including prefrontal cortex, cingulate cortex, 

anterior temporal pole, middle temporal gyrus, inferior temporal gyrus, precuneus, and angular 

gyrus—shifting toward the unimodal end (Figure 4. 6A, top left panel). The simulation reproduced 

most of these transmodal shifts, except for the anterior temporal pole (Figure 4.6B, top right panel). 

Along the same axis, the observed stroke group also showed visuo-motor regions shifting toward the 

opposite transmodal pole. The simulation captured most of these effects, although medial visual 

regions such as the calcarine sulcus did not follow this pattern and instead shifted further in the same 

direction. 

For Gradient 2, the spatial correlation between the observed and simulated significant changes 

indicated that the simulation reproduced the pattern at a moderately strong level (r = 0.6130, p = 

0.0003). In the observed data, both motor and visual regions were less differentiated along this axis 

(Figure 4.6A, bottom left panel). The simulation captured most of this reduction in differentiation, but 

medial visual regions—including the calcarine sulcus, cuneus, lingual gyrus, and posterior 

parieto-occipital cortex—shifted in the same direction rather than toward the motor end (Figure 4.6B, 

top right panel). Overall, both axes showed a reduction in gradient space, reflecting stroke-related 

changes in functional reorganisation. 
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Figure 4.6. Comparisons of significant post‑stroke functional changes between observed and 

simulated gradients from permutation tests. Difference maps reflect post‑stroke gradient 

changes, created by subtracting each lesion gradient from the average aged‑control 

gradients. A) Significant post‑stroke changes in observed Gradients 1 and 2. B) Significant 

post‑stroke changes in simulated Gradients 1 and 2. Warm colours indicate significant shifts 

toward the lower end of each gradient following stroke, whereas cool colours indicate 

significant shifts toward the upper end. 

 

4.5.7. Comparisons of network organisation in gradients between observed and stimulated 

stroke 

Next, we compared the network-wise organisation of the simulated stroke gradients with the observed 

stroke gradients in the first two gradient axes. In Gradient 1, networks were arranged from DMN and 

frontoparietal networks through ventral and dorsal attention networks, ending with unimodal 

somatomotor and visual networks. In Gradient 2, the organisation progressed from visual to 

somatomotor networks. A figure illustrating network organisation in simulated and observed 

post-stroke gradients across these axes is provided in the supplementary material (Section II, 

supplementary Figure 4.S8).  
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To assess how accurately the simulation captured stroke‑induced changes at the network 

level, we examined whether shifts in gradient space relative to age‑matched controls differed between 

observed and simulated stroke across networks. All analyses were performed on gradient difference 

maps computed by subtracting each lesion gradient from the average age‑matched control gradient, 

thereby isolating stroke‑specific network shifts in gradient organization. While spatial correlation 

analyses of these difference maps (using spin permutation) quantified overall similarity between 

observed and simulated stroke effects, they did not provide information about network‑specific 

agreement. To address this, we performed a repeated‑measures analysis of variance (ANOVA) on 

network‑level gradient values, where each subject contributed one value per network. The dependent 

variable was the gradient difference value, and fixed effects included Network, Group (Observed 

Stroke vs Simulation), and their interaction. This approach allowed us to determine whether the 

deviation between observed and simulated stroke effects varied across networks (Network × Group 

interaction) and to quantify the extent of these deviations. From the ANOVA analyses, significant 

interactions between Network and Group were observed for both gradients (Gradient 1: F(13,1428) = 

56.956, p < .001; Gradient 2: F(13,1428) = 109.5329, p < .001), indicating that differences between 

real and simulated gradient values depended on brain network. We also found significant main effects 

of Network in Gradient 1 (F(13,1428) = 301.313, p < .001) and Gradient 2 (F(13,1428) = 592.5153, p 

< .001). Significant main effects of Group were found only for Gradient 1 (F(1,1428) = 34.669, p < 

.001) and not for Gradient 2. Individual data points for the difference-gradient values displayed in the 

box–scatter plots for both the observed stroke and simulation conditions are presented in 

Supplementary Figure 4.S9. 
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Figure 4.7. Network-level shifts of observed and simulated stroke in gradient space. 

Difference-gradient values extracted for each network  are displayed as estimated marginal 

means. Triangles represent observed stroke, and squares represent simulated stroke. Points 

indicate the estimated marginal means for each network, illustrating the extent to which the 

simulation captures stroke-related shifts in gradient space relative to the observed stroke data. 

Brain maps depict the spatial topology of Yeo’s seven resting-state networks, and the plots show 

their relative positions along the two principal gradients. (A) Network shifts along the 

transmodal–unimodal axis (Gradient 1). (B) Network shifts along the visuomotor axis 

(Gradient 2). 

 

Post hoc pairwise comparisons were conducted within each network using estimated marginal means 

derived from the ANOVA, with Bonferroni correction applied for multiple comparisons. Contrasts 

were defined as Observed Stroke − Simulation, where values close to zero indicate close 

correspondence between observed and simulated stroke effects, whereas larger positive or negative 

values indicate greater divergence. Post hoc analyses revealed significant group differences across 

multiple networks for both gradients. Figure 4.7A–B displays the estimated marginal means for 

observed and simulated stroke, illustrating the position of each network along the two gradient axes. 

The separation between the observed and simulated values provides a visual indication of the 

magnitude and direction of the deviations, with networks showing greater overlap indicating closer 

correspondence between the simulated and observed stroke effects. This pattern of separation is 

consistent with the post hoc comparison results. 
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For Gradient 1, the smallest differences were observed in the frontoparietal and ventral 

attention networks, which did not show significant group differences, reflecting very close 

correspondence between simulated and observed stroke effects. Among networks showing significant 

differences, the smallest deviations were observed in the dorsal attention and default mode networks 

(|Δ| ≈ 0.006–0.010), reflecting relatively close alignment. Moderate differences were observed in 

somatomotor and ventral attention networks (|Δ| ≈ 0.011–0.015), indicating moderate deviation. In 

contrast, the largest discrepancies were found in visual and limbic networks (|Δ| > 0.02), indicating 

substantial divergence between simulated and observed stroke effects. For Gradient 2, the smallest 

difference was observed in the right limbic network, which did not show a significant group 

difference, indicating very close correspondence between simulated and observed stroke effects. 

Among networks showing significant differences, the smallest deviations were observed in limbic and 

frontoparietal networks (|Δ| ≈ 0.004–0.006), followed by default mode and dorsal attention networks 

(|Δ| ≈ 0.007–0.009), indicating relatively close alignment. Moderate differences were observed in 

right hemisphere default mode, dorsal attention, somatomotor, and ventral attention networks (|Δ| ≈ 

0.012–0.014). Larger deviations were evident in left somatomotor and ventral attention networks (|Δ| 

≈ 0.017–0.022). In contrast, the largest discrepancies were observed in visual networks (|Δ| > 0.03), 

indicating substantial divergence between simulated and observed stroke effects. 

For Gradient 1, the smallest differences were observed in the default mode and dorsal 

attention networks, with the frontoparietal network also showing very close correspondence between 

simulated and observed effects. For Gradient 2, the frontoparietal network showed the smallest 

differences, indicating relatively good simulation performance for this network. In contrast, visual 

networks consistently exhibited the largest deviations across the gradients, indicating poor 

correspondence between simulated and observed stroke effects. 

4.5.8. Validation of simulated post‑stroke gradient–language outcome associations in observed 

stroke gradients 

We performed lesion–gradient mapping to identify associations between simulated post‑stroke 

gradient changes from the iterative propagation model (derived from the difference‑gradient maps) 

and PCA‑derived language components. For this analysis, we focused on gradient changes within the 

language network, as functional connectivity alterations in these regions are directly relevant to the 

language outcomes assessed using the CAT. Voxels with ≥25% lesion involvement were excluded 

from the language network mask to ensure that gradient changes were examined only in spared 

language regions from direct lesion damage. We then tested whether these simulation‑based 

associations were also present in the observed stroke gradients. To do this, we extracted gradient 

values from the observed data for the significant clusters identified in the simulation and used robust 
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linear regression to examine whether the observed gradients showed comparable associations with the 

PCA‑derived language components. 

The simulation-based lesion–symptom mapping identified six significant effects; of these, only the 

associations linked with worse speech and better phonology were recovered in the observed 

post-stroke gradients. In the worse-speech contrast, the left paracingulate cortex and supplementary 

motor area (Figure 4.8A) showed greater displacement toward the motor end of the visuomotor axis 

(Gradient 2). In the observed gradients, motor-region parcels typically showed displacement toward 

the visual end as part of functional reorganisation; however, deviations in the opposite direction were 

associated with poorer speech performance (Figure 4.8B), consistent with the simulation findings 

(Figure 4.8C). The observed and simulated gradient–speech associations showed similar trends, 

indicating good correspondence between the two. For phonology and working memory (PCA 2), the 

simulation also identified a significant cluster in the right inferior frontal gyrus (IFG) (Figure 4. 8D). 

This region typically occupies a position closer to the visual end of Gradient 2 in normative 

organisation, but in the simulation it shifted toward the motor end (Figure 4.8F), and this 

displacement was associated with better phonology and working-memory performance. The same 

directional shift and behavioural association were recovered in the observed gradients (Figure 4.8E), 

indicating convergence between simulated and empirical reorganisation patterns. Scatterplots show 

that associations between difference-gradient values in the paracingulate cortex, supplementary motor 

area, and right IFG and their corresponding PCA components follow similar trends in both the 

simulated and observed data. The significant clusters that were not recovered in the observed 

gradients are reported in the supplementary materials (Supplementary Figure 4.S10). 

We performed lesion–gradient symptom mapping on the observed stroke difference-gradient maps to 

examine whether the same clusters or neighbouring clusters identified in the observed gradients were 

replicated by the simulation. Observed stroke gradient changes showed no significant clusters in 

Gradient 1 and Gradient 2. However, the PCA-3 (writing) language component was associated with 

the left IFG in Gradient 3 in the observed stroke. Since the iterative propagation approach poorly 

replicated the real effects of stroke, we did not attempt to validate the observed stroke gradient’s 

language association in the simulation gradient. 
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Figure 4.8.  Permutation test results within the language ROI. A) Significant cluster 

associated with worse speech (PCA-1) within the language network ROI. B) Association 

between speech production and observed post-stroke displacement of left supplementary 

motor area and paracingulate cortex along Gradient 2 (visual–to–motor axis). C) Association 

between speech production and simulated post-stroke displacement of the same medial 

regions along Gradient 2. D) Significant cluster associated with better phonology and 

working memory (PCA-2) in the right inferior frontal gyrus (IFG). E) Association between 

phonology and observed post-stroke displacement of right IFG along Gradient 2. F) 

Association between phonology and simulated post-stroke displacement of right IFG along 

Gradient 2. 
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4.6. Discussion 

This study demonstrates that simulating both direct and indirect stroke-related changes within intact 

gradient space can moderately reproduce the empirical alterations observed after stroke, particularly 

along Gradients 1 and 2. The iterative-propagation model provided a closer approximation to the 

observed stroke gradients than the direct proportionate-reduction approach, highlighting the 

importance of modelling how focal damage spreads through the preserved functional architecture, 

especially for Gradient 2. Both observed and simulated gradients showed reduced functional 

separation along the transmodal–unimodal and visual–motor axes, consistent with the widespread 

attenuation of large-scale organisation noted in observed stroke gradients. We also found that two 

simulated associations with language outcomes were recovered in the observed gradients, particularly 

along the visuomotor axis for two PCA-derived language components. A cluster in right IFG was 

linked to better phonology and working memory (PCA-2) when its connectivity was shifted toward 

the motor end of the visuomotor axis (Gradient 2). The left paracingulate cortex was also associated 

with poorer spoken language in participants with more motor-like connectivity on the same gradient. 

These convergent patterns across methods suggest that the simulation captures behaviourally 

meaningful aspects of lesion-induced reorganisation; however, this approach might also be associated 

with some false positives (findings not verified by observed gradients derived from resting-state 

fMRI), suggesting there is a need for caution in the application of this approach, and in further 

refinement of this method. 

4.6.1. Iterative propagation approach to model lesion effects on cortical gradients 

Both lesion simulation (Alstott et al., 2009; He et al., 2009; Tao & Rapp, 2021) and lesion network 

studies (Fox, 2018; Jimenez Marin et al., 2022; van den Heuvel et al., 2026) use lesion data to 

examine stroke-induced functional disruption. Our approach is conceptually similar to these studies, 

using lesion data to model stroke impact on the normative connectome. However, we focus on 

functional reorganisation in spared cortical tissue. Existing approaches provide a binary view of 

network damage (connected vs. disconnected) and are limited in their ability to capture whole-brain 

changes, resulting in a predominantly unidirectional lesion-linked network perspective. Although 

perilesional regions may undergo changes (Kiran & Thompson, 2019; Alia et al., 2017), these 

methods do not incorporate such changes and may therefore oversimplify by treating affected regions 

as fully disconnected. This limitation has been demonstrated empirically: Tao and Rapp (2021) 

compared network properties between the real functional connectomes of chronic stroke patients and 

simulated lesion connectomes generated by removing lesioned nodes in aged controls. They found 

that discrepancies between simulated and empirical network effects were driven by long-range 
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functional reorganisation in chronic stroke, which the simulation could not model (Tao & Rapp, 

2021). 

We introduce a lesion simulation method that combines proportional reduction of 

connectivity with an iterative propagation step, allowing lesion effects to spread through preserved 

cortex rather than being limited to lesion-centred disruption. This approach extends beyond focal and 

lesion-linked remote effects, influencing connectivity throughout the connectome. In doing so, it 

models how reduced drive from damaged regions influences structurally intact networks, capturing 

global alterations that arise from interregional connectivity dependencies across the cortex.In this 

framework, applying lesion effects to the normative functional connectome captures only the direct 

impact of the lesion on connections involving the damaged region. This includes both nearby and 

distant regions that are directly connected to the lesion site, but it does not capture effects on regions 

that are indirectly connected through multi-step pathways. These broader network-level consequences 

are instead approximated by the iterative propagation stage, which allows lesion-related disruption to 

extend beyond directly connected parcels. To our knowledge, this is the first simulation framework to 

incorporate the indirect effects of stroke across the whole connectome alongside direct lesion impacts. 

Prior lesion-topology models were restricted to disruptions in networks directly connected to the 

lesion and did not account for these broader system-level consequences. 

We attempted to address this limitation by modelling the graded functional changes in spared 

tissue and projecting these changes onto the gradient space. The direct lesion simulation without 

propagation captured some of the observed stroke-related gradient changes, but scaling lesion effects 

in functional connectivity space produced simulated gradients that more closely matched the observed 

stroke gradients and the relative arrangement of regions along those gradients. We observed that 

lower propagation strength (α = 0.1) combined with near-linear scaling of connectivity loss (γ = 0.8) 

produced simulated gradients that more closely resembled the observed stroke gradients. This 

suggests that this specific parameter combination is sufficient to approximate the distributed gradient 

alterations seen after stroke. The largest source of variation in simulation success was individual 

differences, rather than lesion size, lesion laterality, or the type of language impairment. Introducing 

these two forms of disruption into the gradients leads to observable gradient reorganisation. Because 

the simulation method operates in connectivity-gradient space, it captures graded changes along major 

functional axes, revealing both each region's shift in connectivity profile and the broader system-level 

pattern in which functionally similar regions move together. In contrast, node- or edge-removal 

models and the graph-theory metrics derived from them provide only numerical summary values and 

therefore cannot represent these continuous pattern-level changes in connectivity organisation. A key 

advantage of projecting lesion effects into gradient space is that it offers interpretable dimensions 
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linked to cognition. This may help explain how introducing lesions into an aged normative 

connectome alters gradient dimensions and influences behaviour. 

The proposed iterative propagation approach is consistent with the widely accepted view that 

focal brain lesions lead to distributed functional network alterations (Carrera & Tononi, 2014). Our 

simulation framework builds on this concept by using lesion topology to drive changes in functional 

connectivity patterns, which subsequently alter the organisation of connectivity gradients. This 

interpretation is supported by previous studies showing that structural brain lesions can disrupt 

resting-state functional connectivity across distributed brain networks (Eldaief et al., 2016; Gratton et 

al., 2012; Nomura et al., 2010). This design is consistent with network-based accounts of cognition in 

which cognitive functions emerge from system-wide topology and global communication efficiency 

across the entire connectome (Friston, 2011; Mohr et al., 2016; Tompson et al., 2018). Importantly, 

the method uses structural MRI alone, providing a practical alternative when resting-state fMRI is not 

clinically available. 

4.6.2. Post-stroke connectivity gradients 

However, not all aspects of post-stroke gradient changes were reproduced effectively by the 

simulations. In Gradient 1, the simulation failed to reproduce the medial visual region’s shift towards 

the transmodal end. Likewise, in Gradient 2, the simulation failed to capture the medial visual 

region’s shift toward the motor end. This discrepancy may have occurred because the simulation 

approach did not sufficiently alter connectivity in these regions to reproduce the observed gradient 

shifts. 

4.6.3. Simulation captured functional reorganisation changes associated with language 

outcomes 

The average post-stroke period for individuals in this study was more than four years, meaning that 

the resting-state data used to extract connectivity gradients may have reflected long-term functional 

reorganisation, residual functional disruption, and stroke-related degenerative changes. This context is 

important because, unlike previous simulation studies that modelled only lesion-driven disconnection 

(Alstott et al., 2009; He et al., 2009; Tao & Rapp, 2021; Fox, 2018; Jimenez Marin et al., 2022; van 

den Heuvel et al., 2026), our approach was evaluated against gradients that would have captured 

broad functional changes driven by these different dynamics, and the simulation moderately 

reproduced these patterns. This also helps explain why the simulation did not reproduce 

stroke-specific gradient shifts in some cases, as those empirical changes may have been strongly 

shaped by long-term neurodegenerative processes. Some of the effects that did not replicate may 
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reflect acute lesion-driven changes that are no longer present in the chronic phase, having been 

reduced or compensated for through common patterns of long-term reorganisation. 

We found that the right IFG shift toward a motor like connectivity profile in Gradient 2 was 

associated with better performance in phonology and working memory (PCA 2). This pattern may 

represent compensatory functional changes that support phonological processing. Importantly, this 

simulation derived association was also present in the observed stroke gradients, indicating that the 

model captured aspects of functional reorganisation beyond lesion driven disruption. The right IFG is 

known to support phonological working memory and the maintenance of verbal information 

(Hartwigsen et al., 2010; Nucci et al., 2026). Evidence from developmental dyslexia shows that right 

IFG hyperactivity compensates for left hemisphere impairment during reading (Sinha et al., 2024), 

and right IFG involvement has also been reported in aphasia recovery following left hemisphere 

stroke (van Oers et al., 2010). Aphasic patients have been shown to employ right IFG and dorsolateral 

prefrontal cortex as domain general compensatory regions for difficult language tasks. This 

upregulation of the cognitive control network increases with higher language processing demands and 

functions as a facilitator for communication recovery (Geranmayeh et al., 2014). The right IFG 

additionally contributes to inhibitory control and motor monitoring, which aligns with its functional 

links to primary motor cortex (Hinton et al., 2018; Neubert et al., 2010). These findings suggest that a 

right IFG shift toward the motor end of Gradient 2 supports phonology and working memory recovery 

in stroke. 

Left paracingulate gyrus and supplementary motor cortex shifting further toward the motor 

end of Gradient 2 was linked with impaired speech (PCA 1). The permutation tests showed that the 

dominant stroke related change in Gradient 2 was a shift of motor regions toward the visual end, 

reflecting reduced modularity. In contrast to this general compression pattern, these medial frontal 

regions involved in speech control deviated from the overall trend, and this deviation was associated 

with poorer speech performance. These regions form part of the medial frontal network supporting 

speech initiation and monitoring (Tremblay and Gracco, 2010). The supplementary motor area 

contributes to initiating and timing voluntary speech (Bullock et al., 2024; Hertrich et al., 2016), while 

the paracingulate cortex supports error monitoring and affective prosody (Gennari et al., 2018; Barrett 

et al., 2004). The gradient based association between these regions and impaired speech aligns with 

evidence showing reduced functional connectivity between medial frontal regions and cognitive 

control or salience networks after stroke, which has been linked to deficits in motor and speech 

initiation, even in individuals who appear functionally recovered (Liu et al., 2020). 
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4.7. Future directions 

Our iterative propagation approach captured Gradient 1 and Gradient 2 changes with moderate 

accuracy and their associations with language outcomes, but did not fully model Gradient 3 alterations 

involving higher-order networks. Incorporating mechanisms that better approximate the reorganised 

functional architecture of chronic stroke may improve the simulation of this axis. Gradient 3 changes 

were associated with language outcomes in the observed data, suggesting that more accurate 

modelling of higher‑order network reorganisation could enhance clinical relevance. In this study, 

lesion-induced connectivity loss was propagated across all edges for three iterations; whether 

additional iterations (e.g., four or five) would yield greater correspondence with the observed stroke 

gradients, including for lower-order gradients, remains to be explored.  

The simulation approach was also confined to stroke‑specific functional changes in the cortex 

and did not model functional changes in subcortical regions. Future work should examine both 

cortical and subcortical functional changes. It is also worth exploring whether the proportion of lesion 

involving grey matter and white-matter tracts influences the simulation’s ability to reproduce 

observed stroke effects. Larger simulation‑derived clusters linked to behaviour warrant cautious 

interpretation and replication in independent datasets. Further validation should extend the approach 

to additional behavioural domains such as executive function, motor performance, and visuospatial 

attention to test generalisability, and systematically assess performance across strategic lesion 

locations, including hubs and rich‑club nodes, to understand how these influence gradient 

organisation. Longitudinal datasets would also allow modelling of acute‑to‑chronic gradient 

trajectories, providing a more complete picture of how lesion‑driven disruption evolves into long‑term 

reorganisation. Future work should also simulate lesions targeted to unimodal versus transmodal 

regions to test how damage to different points along the cortical hierarchy affects gradient 

organisation. This would clarify whether gradient alterations primarily reflect hierarchical position, 

lesion topology, or their interaction. From a methodological perspective, although the healthy control 

cohort in this study was not closely matched to the stroke cohort with respect to age or sex, the control 

data were used primarily as a normative reference for the simulation framework. Future studies should 

include age- and sex-matched healthy controls to further validate and extend these findings. 

 

 

 



Page | 126  

 

4.8. Conclusions 

This study demonstrates that modelling stroke effects in connectivity‑gradient space provides a 

framework for capturing both direct lesion‑driven disruptions and longer‑term functional 

reorganisation. The iterative propagation approach, which integrates lesion topology with graded 

reductions in functional connectivity, replicated observed post‑stroke gradients with greater precision 

than a direct lesion‑effect simulation model. Both simulated and observed gradients showed reduced 

functional differentiation along the transmodal–unimodal and visual–motor axes, consistent with 

broader evidence of decreased modularity and increased cross‑network coupling after stroke. 

Importantly, the simulation also recovered behaviourally relevant reorganisational patterns: a 

compensatory right IFG shift supporting phonology and working memory, and medial frontal shifts 

linked with impaired speech. These findings highlight connectivity gradients as a sensitive framework 

for characterising distributed stroke effects and demonstrate that lesion‑derived simulations can 

approximate meaningful patterns of functional reorganisation years after injury. 
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Chapter 5 

General Discussion 

5.1. Scope and aims of the thesis 

Stroke produces widely distributed effects that extend beyond the focal lesion, disrupting the broader 

architecture of functional networks. Connectivity gradients provide a low dimensional framework for 

characterising large-scale functional organisation and offer a principled way to capture these system 

level changes and relate them to behavioural outcomes. 

The primary aims of this thesis were to (1) characterise how stroke alters connectivity 

gradients, and (2) determine whether gradient changes are associated with semantic control and 

language outcomes. A further aim was to evaluate whether clinically available structural imaging can 

be used to model post-stroke functional reorganisation in the absence of resting-state fMRI. These 

aims have clinical relevance for understanding the brain reorganisation linked with specific 

impairments and for evaluating whether routinely acquired scan data can be used to model functional 

changes in the stroke affected brain. Because semantic control and language depend on long range 

interactions across distributed networks, these domains provide useful test cases for assessing how 

stroke related gradient changes relate to preserved and impaired cognitive function. To address these 

aims, the thesis examined both empirical changes in connectivity gradients derived from resting-state 

fMRI and lesion impact simulations based on structural MRI. Two simulation approaches were 

compared: a direct lesion effects simulation, which modelled all connections linked to the lesioned 

parcel, and an iterative propagation simulation, which modelled both direct and indirect effects across 

the cortex. The following sections summarise the main findings of the empirical chapters, and 

common themes across chapters are synthesised in the general discussion. 

 

5.2. Summary of empirical chapters 

5.2.1.  Chapter 2: Lesion-gradient mapping in semantic aphasia: comparisons of  observed 

and simulated effects of stroke on connectivity gradients 

This study aimed to answer three questions related to simulated connectivity gradients in a group of 

stroke survivors with semantic aphasia, with difficulties controlling semantic retrieval such that it is 

appropriate for the task or context (Jefferies & Lambon Ralph, 2006; Thompson et al., 2015): (I) as a 

proof-of-concept, the study asked whether lesion maps transferred into connectivity gradient space 
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could reproduce post-stroke connectivity changes observed seen in resting-state fMRI data in a small 

sample, (II) next, in a larger sample, the study considered what stroke‑specific connectivity gradient 

changes are expected in semantic aphasia, and (III) whether simulated connectivity gradients are 

related to semantic impairments in this group. Lesion maps from structural MRIs of 21 semantic 

aphasia patients were used to simulate the effects of stroke on the brain’s functional landscape. 

Lesions were left‑hemispheric, extending into the insular, prefrontal and lateral occipital cortices, with 

maximum overlap in the left middle frontal gyrus. A subset of patients (N = 8) had resting-state fMRI 

data, allowing comparison between simulated and observed gradient changes. Binarised lesion maps 

were aligned to the Schaefer 400‑parcel template, and lesion‑complement values were used to 

construct lesion matrices that were applied to an aged‑control normative functional‑connectivity 

matrix. Connectivity gradients were then extracted from the simulated lesion connectivity matrices. 

Analyses focused on Gradient 1 (transmodal–unimodal axis) and Gradient 2 (visual–motor axis) given 

the modest sample size. Stroke-specific effects were estimated by subtracting each simulated 

post-stroke gradient from the averaged aged-control gradient to generate difference maps. Spatial 

correlation analyses using spin‑permutation tests compared observed and simulated maps in the subset 

of eight patients. In Gradient 1, seven of the eight cases showed significant spatial correlations 

between observed and simulated post-stroke changes (individual r values = 0.20–0.62; group mean = 

0.423; SD = 0.145). Six of these cases had correlation values greater than 0.30. For Gradient 2, only 

five of the eight cases showed significant spatial correlations, and the overall correspondence was 

weaker (individual r values = –0.33–0.42; group mean = 0.153; SD = 0.218). These results indicate 

that the simulation captured most of the empirical post-stroke changes in Gradient 1, but only some 

aspects of the changes observed in Gradient 2. 

Semantic performance in the stroke survivors was assessed using the Camel and Cactus test 

(word and picture versions) and an ambiguous word decision task. These measures were combined 

using principal component analysis to derive a single semantic score. Lesion‑gradient mapping 

examined associations between simulated post‑stroke gradient changes and these scores. Simulated 

gradients irrespective of performance showed attenuation along both axes relative to age-matched 

controls. Lesion‑gradient mapping identified the left inferior frontal gyrus (IFG) as associated with 

semantic deficits when it showed stronger unimodal connectivity on Gradient 1, deviating from its 

typical transmodal position.  This is a relatively novel approach to simulate stroke effects in 

connectivity‑gradient space by using structural MRI, which is more clinically available than resting-

state fMRI data. No other studies have examined stroke‑induced semantic deficits in relation to 

connectivity gradients or considered the connectivity profile changes expected in semantic aphasia. 

Although the accuracy of the simulation was evaluated against only eight lesion cases, the study 

identified that left IFG shifts toward a unimodal‑like connectivity profile might be associated with 

context‑dependent retrieval difficulties in these patients. 
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5.2.2. Chapter 3: Reorganisation of functional connectivity gradients in post-stroke aphasia 

This study focused on the importance of cortical lesion location and cortical connectivity gradients in 

stroke and their association with language dysfunction. Three principal questions answered were: I) 

What is the critical lesion location associated with specific language subdomains? II) What 

stroke‑induced cortical functional connectivity changes are characterised by connectivity gradient 

analyses? III) Which changes in connectivity gradients are associated with language outcomes beyond 

the effects of focal lesions? To answer these questions, the PLORAS (Predict Language Outcome and 

Recovery After Stroke) dataset was used, as it includes structural and resting‑state functional MRI 

along with language and cognitive assessments. Chronic stroke individuals (N = 60) with diverse 

lesion profiles were included (left, right, bilateral, and lacunar infarcts). The Comprehensive Aphasia 

Test was administered to assess language subdomains. To reduce dimensionality, derive more robust 

measures of specific language processes, and address multicollinearity stemming from shared 

underlying processes, a principal component analysis (PCA) was used to identify six functionally 

distinct language components. 

Two symptom-mapping approaches were used: (i) lesion-symptom mapping using cortical 

lesion location from structural images to identify critical loci associated with the language-derived 

components; (ii) lesion-gradient mapping to examine functional reorganisation in the unlesioned brain 

linked to language outcomes. Lesion-symptom mapping implicated left temporoparietal regions 

(including Heschl’s gyrus, parietal operculum, angular and supramarginal gyri) and the superior 

division of the lateral occipital cortex in phonological and working-memory difficulties. Worse 

visuomotor performance was associated with lesions extending from the temporo-occipital portion of 

the inferior temporal gyrus to the lateral occipital cortex in the right hemisphere. The visuomotor PCA 

component showed strong loadings for writing to dictation, writing picture description, and written 

naming, consistent with its interpretation as reflecting visually guided motor output. However, the 

significant cluster in the right hemisphere should be interpreted cautiously, as the sample included 46 

left-hemispheric, 2 bilateral, and only 12 right-hemispheric infarcts. This means that the visuomotor 

finding is driven by a relatively small subset of right-hemisphere lesions (n = 14), and therefore may 

not generalise to new samples of stroke survivors. Poor comprehension and arithmetic performance 

were associated with damage to the left middle temporal gyrus (temporo-occipital part) and the 

posterior supramarginal gyrus. 

There was a clear distinction between the aged-control and stroke gradients. Stroke gradients 

showed attenuation across the three functional axes compared with aged controls: the transmodal–

unimodal axis, the visual-motor axis, and the control–default-mode-network (DMN) axis. These 

findings indicate that stroke reduces functional differentiation between large-scale functional systems. 

A shift of the left inferior frontal gyrus (IFG) along the control–DMN axis was associated with better 

speech but poorer visuomotor performance, as revealed by lesion-gradient mapping. The novel 
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findings of this study help to reveal how post-stroke functional reorganisation along connectivity 

gradients within the unlesioned brain relates to language function. Although dimensional changes 

were observed across all gradient axes, shifts in heteromodal network positions, particularly along the 

control–DMN axis, may reflect compensatory re-embedding of surviving regions that support 

language function. These gradient shifts provide a low-dimensional, behaviourally relevant account of 

how local damage and distributed reorganisation jointly shape language outcomes after stroke. 

5.2.3. Chapter 4: A connectivity-gradient simulation model captures stroke reorganisation and 

language outcomes  

The final empirical chapter of this thesis further developed and evaluated simulations of post-stroke 

gradient connectivity changes in a larger sample. The primary research questions were: (I) To what 

extent can lesion topography simulate the impact of stroke on connectivity gradients?  (II) To 

determine whether modelling lesion effects across all edges in the functional connectivity matrix 

(iterative propagation) improves simulation accuracy relative to a direct lesion effects simulation. (III) 

Do observed stroke gradients show similar associations with language outcomes as simulated gradient 

changes? This study included PLORAS participants with both structural and resting‑state fMRI, 

which allowed us to compare simulated gradient changes with empirical resting‑state gradients. The 

language and cognitive functions of the stroke individuals were again assessed using the 

Comprehensive Aphasia Test, with scores for different language components extracted using PCA. 

Unlike previous lesion‑simulation studies, an iterative‑propagation simulation model introduced 

stroke‑specific changes at three levels: (i) direct effects on damaged parcels; (ii) remote effects on 

regions connected to the lesion core; and (iii) global, network‑wide disruption of edges across the 

unlesioned brain. These levels were modelled to capture local, diaschisis‑like, and whole‑network 

consequences of stroke, and were validated by comparing simulated gradients with empirical 

resting‑state gradients from the PLORAS sample.  

Lesion effects were simulated using a normative, aged‑control connectome and projected onto 

functional connectivity gradients. For each lesion, spatial correlations assessed the similarity between 

simulated and observed stroke gradients, comparing direct lesion effects simulation with the 

iterative‑propagation simulation to determine which approach better reproduced the chronic stroke 

changes observed in the empirical data. Although the iterative‑propagation simulation produced 

higher correlation values than the direct lesion‑effects simulation for both Gradient 1 and Gradient 2, 

statistical testing showed that the iterative step significantly improved the accuracy of modelling real 

stroke effects only for Gradient 2. Iterative-propagation–based simulation moderately reproduced 

post-stroke functional reorganisation along the transmodal–unimodal and visuomotor axes. 

Lesion‑gradient mapping was used to examine associations between simulated post‑stroke gradient 

changes and the PCA‑derived language components; significant clusters from the simulation analyses 

were validated against the empirical stroke gradients. The simulation lesion‑gradient mapping 
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identified six significant clusters linked to PCA‑derived language performance. Of these six clusters, 

the empirical gradients recovered only two clusters for Gradient 2 (visuomotor axis), suggesting the 

simulation approach may generate false positives. The two verified effects suggested that a shift in the 

right inferior frontal gyrus (right IFG) towards the motor end of Gradient 2 was associated with better 

phonology and working memory after stroke. A similar shift in left supplementary motor area and 

paracingulate cortex also towards the motor end of Gradient 2 was associated with impaired speech. 

This was, to our knowledge, the first study to investigate both the accuracy and the 

behavioural relevance of gradient simulations using empirical stroke data, thereby assessing the extent 

to which the simulation’s associations with language outcomes were reliable. The results suggest that 

simulations based on lesion information alone show moderate correlations with real gradient changes, 

especially for higher-order gradients; however, the approach requires further refinement, as it was not 

possible to recover the observed Gradient 3 stroke effects reported in Chapter 3, and not all 

simulation-derived findings from Chapter 4 were replicated in the empirical data. 

 

5.3. Key Themes from the Empirical Chapters 

The remainder of the General Discussion is divided into two parts. The first part provides a 

methodological rationale for the analytical choices made across Chapters 2–4, outlining the 

conceptual and biological foundations underlying the use of connectivity gradients to characterise 

stroke-induced functional changes, and discussing the consequences of these choices for how the 

findings should be interpreted. Because this thesis applies gradient based methods in a novel way, it is 

important to consider both the rationale for these approaches and the implications of the assumptions 

that underpin them. The second part synthesises the common themes that emerged across the three 

empirical chapters, integrating the results to explain how focal lesions and distributed reorganisation 

jointly shape semantic control and language outcomes after stroke. 

 

5.3.1. Methodological rationale for connectivity gradients 

Functional-connectivity gradients were the primary method used to characterise cortical organisation 

across the three empirical chapters. Across the thesis, gradients were applied in three complementary 

ways: Chapter 2 simulated the direct impact of focal lesions on functional connectivity; Chapter 3 

examined post-stroke functional reorganisation in aphasia; and Chapter 4 introduced an iterative 

propagation model to capture how lesion effects might spread across the functional connectome. 

Together, these applications demonstrate how low-dimensional gradient axes capture both focal 
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damage and distributed reorganisation, and how these changes relate to behavioural outcomes after 

stroke. 

The brain’s functioning depends on efficient information transfer between distinct functional 

units. Its anatomical foundation enables functional coordination, communication, and integration 

through the connectome, the structural scaffold that supports large-scale organisation (Sporns et al., 

2005). Building on this scaffold, the cortical landscape is characterised as a network composed of 

multiple system-level organisations that support perceptual, cognitive, and motor processes (Van den 

Heuvel & Fornito, 2014). Importantly, neurocognitive network topology highlights the key 

organisational principles that govern this architecture (van den Heuvel & Sporns, 2019). These 

principles provide the theoretical basis for interpreting how stroke alters functional organisation when 

examined in connectivity-gradient space across the empirical chapters. Connectivity gradients capture 

central organising principles of the cortex, reflecting how each brain region supports cognition and 

perception through a set of intrinsic functional dimensions (Boring et al., 2024; Huntenburg et al., 

2018). These gradients capture transitions in functional connectivity across the cortex, indicating that 

large-scale spatial organisation is a prominent feature of cortical architecture (Hong et al., 2020). 

Connectivity gradient dimensions are useful because they position brain regions along meaningful 

axes that correspond to cognitive demands, and these axes are functionally interpretable (Huntenburg 

et al., 2018). Different dimensions of connectivity gradients capture distinct functional systems linked 

to large-scale cortical differentiation. The dimensional axes exhibit functional properties of regions 

that are maximally dissimilar at their opposing ends (Dohmatob et al., 2021; Margulies et al., 2016). 

The principal gradient (Gradient 1) separates unimodal from transmodal regions and is associated with 

cognition driven more by memory-based than sensory processes (Murphy et al., 2018, 2019). 

Gradients 2 and 3 refine the organisation within these extremes, providing a more targeted view of 

how unimodal and transmodal hierarchies are structured. Gradient 2 spans motor to visual regions, 

whereas Gradient 3 differentiates the default-mode and control networks. 

Individual differences in gradient space have been shown to predict cognitive performance 

(Shao et al., 2022; Bethlehem et al., 2020; Sun et al., 2025), and this association has been examined 

using several methodological approaches. Some studies treat each gradient as a single global 

parameter, relating overall gradient strength or dispersion to behavioural outcomes. Others extract 

gradient values from specific regions, such as parcels corresponding to a lesion site, to test whether 

local embedding shifts relate to impairment. A further set of studies examines spatially distributed 

changes across the whole gradient map, identifying where in the cortex gradient alterations are 

associated with the effect of interest. This thesis adopts the latter approach, which is well suited to 

stroke, where lesions are typically large and heterogeneous and their effects extend beyond the lesion 

site. As a result, approaches based on global metrics or regional sampling would capture different and 

potentially incomplete aspects of individual variation, leading to different interpretations of the 
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relationship between connectivity gradients and behaviour. Such individual variation in gradient 

organisation arises because heteromodal networks show substantial dispersion in their gradient values, 

producing distinctive connectivity signatures for each person (Serhan et al., 2025). Recent work has 

also shown that Procrustes alignment improves the comparability of gradient embeddings across 

participants, particularly when aligning multidimensional gradient subspaces (Sasse et al., 2026). 

Together, these findings highlight the methodological consequences of how connectivity gradients are 

quantified and compared. Although gradients capture meaningful individual differences, the specific 

features that are emphasised depend on the analytical choices made, and these choices shape the 

inferences that can be drawn about post-stroke cognition. 

The empirical work in this thesis focuses on functional connectivity at rest, which is a well-

established marker of cognition given the strong convergence between resting-state and task-based 

network organisation (Nickerson, 2018). Structural and functional connectivity are closely related but 

not equivalent: white matter pathways constrain large-scale neural communication (O'Donnell & 

Westin, 2011; Madden et al., 2011), yet diffusion tractography can underestimate long-range or 

complex fibre architecture (Bennett & Rypma, 2013). Functional connectivity, by contrast, reflects the 

combined influence of anatomical pathways, cortical topography, and common functional recruitment, 

and therefore captures both direct and indirect interactions that may not map cleanly onto structural 

connections (Deco et al., 2014; Demirtas et al., 2019; Kristanto et al., 2023; Shine et al., 2021; Sporns 

et al., 2021). This distinction is important for interpreting the findings of this thesis, because white 

matter disconnection is likely to contribute to the gradient reorganisation observed after stroke, 

alongside changes occurring within structurally intact cortex. The present work does not quantify how 

much variance is attributable to structural versus functional sources. Understanding this limitation 

clarifies the scope of the conclusions: the thesis characterises functional reorganisation at the systems 

level, but does not disentangle the relative contributions of structural damage, diaschisis, and altered 

functional recruitment. This represents an important direction for future work. 

In this thesis, atlas based parcellation was used to provide functionally meaningful and 

reproducible units of analysis for estimating connectivity gradients. A voxelwise approach was 

avoided because it produces extremely high dimensional correlation matrices with substantial spatial 

redundancy, making gradient estimation unstable in the presence of lesions (Faria et al., 2012; 

Craddock et al., 2011). Parcellation reduces this redundancy and offers a stable representational space 

in which gradients can be compared across individuals. Importantly, connectivity gradients are highly 

robust across different parcellation schemes (Vos de Wael et al., 2020; Margulies et al., 2016), 

indicating that the large-scale organisational patterns identified in Chapters 2 to 4 are not driven by 

atlas choice. 
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Whole-brain functional connectivity matrices were used to characterise large-scale network 

organisation, providing a representation of how all cortical regions interact rather than restricting 

analyses to predefined networks (de Reus & van den Heuvel, 2013). This whole connectome approach 

is well suited to connectivity gradient analysis, which depends on the similarity structure across 

regions and benefits from preserving both strong and weak connections (Hahn et al., 2018). Although 

some studies threshold weak links to reduce noise, this can disproportionately remove long range or 

low magnitude connections and alter network topology (Boschi et al., 2021). Across the empirical 

chapters, stroke effects were distributed rather than confined to isolated networks, making it essential 

to retain the full correlation structure to capture large-scale changes in functional architecture. 

Importantly, multiple studies demonstrate that weak functional connections carry meaningful 

information, supporting the decision to preserve them. For example, chronic stroke patients show 

abnormally low connectivity in the naming network, and these weaker connections increase following 

therapy (Johnson et al., 2021). Similarly, in autism spectrum disorder, reduced connectivity has been 

observed between medial prefrontal cortex and precuneus/posterior cingulate cortex, as well as the 

temporal pole (Chen et al., 2018; Yerys et al., 2015). Together, these findings indicate that weak 

connections capture important disturbances in network architecture related to pathology, and that 

discarding them risks losing critical information. 

ROIs served a distinct and limited role in this thesis. Gradients were always derived from 

whole-brain connectomes to preserve the distributed organisation of the cortex. ROIs were introduced 

only after gradient extraction to focus interpretation on networks relevant to the research questions, 

such as the semantic control and language networks. In this context, ROIs narrowed the interpretive 

search space rather than defining connectivity structure. This differs from conventional ROI to ROI 

analyses, which restrict inference to a small set of predefined connections and risk overlooking 

broader system level organisation. The present approach therefore enabled network specific 

interpretation while preserving the whole-brain perspective. 

Pearson correlation was used to estimate functional connectivity prior to extracting 

connectivity gradients in all empirical chapters. Because the focus was on large-scale organisation 

rather than fine grained nonlinear interactions, Pearson correlation provided a stable and interpretable 

foundation for the analyses. Although it assumes linear dependence between BOLD signals, recent 

work suggests that this limitation has minimal impact on large-scale connectivity structure. Jin and 

colleagues (2025) compared Pearson correlation with multiscale graph correlation, a method designed 

to capture both linear and nonlinear statistical relationships across multiple scales. Across datasets 

collected under different experimental conditions, they found that Pearson correlation recovered 

similar cortical connectivity patterns and showed higher reliability. These findings support its use as 

an adequate and robust measure of functional connectivity for the purposes of the present analyses. 
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Raw functional connectivity was used in all three empirical chapters in line with the standard 

approach in Brainspace. Raw connectivity matrices preserve the full correlation structure, providing 

an undistorted representation of large-scale organisation. Although thresholding and weighted graphs 

are often motivated by concerns about spurious correlations, these issues are better addressed during 

preprocessing, before pairwise correlations are computed. The CONN pipeline targets motion, 

physiological noise, outliers, and other artefacts during preprocessing and denoising 

(Whitfield-Gabrieli & Nieto-Castanon, 2012), meaning that weak connections that remain are more 

likely to be biologically meaningful rather than noise. In Chapters 2 and 4, simulated stroke effects 

were applied to aged-control functional connectivity matrices, which represented the raw functional 

links. Lesion effects were modelled by systematically reducing the strength of these connections, 

allowing the simulations to reflect how focal damage propagates through the intact connectome and 

alters large-scale organisation captured by connectivity gradients.  

Another key question concerns the number of gradients that should be extracted and 

interpreted. Previous studies have typically linked behavioural variation or impairment to Gradient 1, 

with fewer examining associations in Gradient 2 (Bayrak et al., 2019; Bethlehem et al., 2020; Hong et 

al., 2020; Rene del Jesus Gonzalez Alam et al., 2022). Far less attention has been given to Gradient 3, 

partly because higher-order gradients often capture more subtle or context-dependent aspects of 

functional organisation. In this thesis, we extended prior work by examining relationships between 

behaviour and all three principal gradients. The simulation studies in Chapters 2 and 4 focused on the 

first two gradient dimensions, modelling how focal lesions propagate through the functional 

connectome. These simulations were driven by the structural extent of cortical damage and were 

designed to capture lesion-related alterations in long-range connectivity. In contrast, the empirical 

analyses in Chapter 3 examined the first three gradients in chronic stroke participants, enabling a 

more detailed characterisation of how stroke alters large-scale organisation across multiple functional 

axes. The limited accuracy of the simulations above Gradient 2 raises an important interpretive issue: 

higher-order gradients may reflect aspects of functional organisation that are less tightly constrained 

by lesion topology and more sensitive to experience, task history, or long-term reorganisation. This 

interpretation is consistent with the findings in Chapter 3, which suggest that Gradient 3 is particularly 

sensitive to the dynamic reorganisation of transmodal systems that support language outcomes in the 

chronic phase. Together, these results highlight a methodological consequence of gradient selection: 

restricting analyses to the first two gradients may overlook behaviourally relevant reorganisation in 

higher-order functional axes, whereas including additional gradients requires careful consideration of 

what these dimensions represent and how they relate to structural damage. 

Huntenburg et al. (2021) noted that neuroanatomical studies reveal gradient like frameworks 

in cortical microstructure and connectivity across species, suggesting that these patterns reflect the 

trajectory of cortical evolution. According to the dual origin theory, the neocortex evolved from two 
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allocortical sources, the archicortex which includes the hippocampus and the paleocortex which 

includes the piriform cortex, with evolutionarily newer regions emerging furthest from these origins 

and forming spatial gradients that mirror neocortical expansion (Abbie, 1942; Kaas, 2013). This 

organisation is evident in gradients of microstructural differentiation, where newly evolved areas 

show reduced laminar differentiation (Huntenburg et al., 2021). Extending this point, the principal 

gradient shows broad correspondence with these microstructural patterns. Primary sensory and motor 

cortex exhibits strong laminar differentiation, whereas heteromodal regions such as prefrontal cortex 

show comparatively reduced differentiation (García Cabezas et al., 2019; Vázquez Rodríguez et al., 

2019). This aligns with Mountcastle’s proposal that a shared cortical microcircuit underpins a 

unifying computational principle across the cortex (Edelman & Mountcastle, 1978; Rao, 2024), 

providing a mechanistic basis for why large-scale gradients emerge from common laminar and 

microcircuit motifs. Recent evidence further demonstrates that the principal gradient is associated 

with layer specific gene expression, mesoscopic cortical layer thickness and geometric representations 

of cytoarchitecture (Meng et al., 2022). Together, these findings counter the criticism that connectivity 

gradients are purely mathematical constructs and show that they correspond closely to biological 

features of cortical organisation and evolution. 

Hong et al. (2020) evaluated the suitability of connectivity gradients for biomarker 

development by assessing reliability, reproducibility and predictive validity in a large sample 

(n = 209). They reported high reproducibility and reliability, and showed that gradients achieved 

greater predictive accuracy than traditional edge-based connectivity measures, indicating that a low 

dimensional, multivariate gradient approach offers advantages over conventional methods. Further 

evidence from ageing research demonstrates that global gradient range shows robust associations with 

age across multiple datasets (Knodt et al., 2023), supporting the stability of large-scale gradient 

structure. The gradients extracted in Chapters 3 and 4 showed highly similar large-scale organisation 

across both aged controls and stroke participants. This observation is consistent with previous 

evidence that connectivity gradients capture stable, low dimensional features of cortical organisation 

that are preserved across populations, even in the presence of neurological damage. The similarity of 

gradient architecture across groups therefore supports the interpretation that the large-scale patterns 

identified in this thesis reflect fundamental aspects of cortical organisation rather than idiosyncratic 

features of a particular sample.  

All three empirical chapters extracted connectivity gradients from functional connectivity 

matrices computed from time series correlations for both aged controls and stroke individuals. The 

aged controls were age matched, and the average aged control gradients were used to quantify how 

stroke gradients differed along the three principal axes. Stroke specific positional shifts were 

estimated by applying a subtraction step, in which each patient's gradient was contrasted with the 

averaged aged control gradient. Most existing stroke gradient studies align patients to a healthy 
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control gradient template and quantify deviation using distance based metrics (Bayrak et al., 2019; 

Chen et al., 2026; Koba et al., 2025). In contrast, this thesis applied a subtraction approach, removing 

the aged control gradient structure from each patient's embedding to isolate stroke specific effects. 

Subtraction based contrasts are widely used in functional neuroimaging, for example in pre versus 

post therapy connectivity analyses (Johnson et al., 2021), patient versus control comparisons (Yerys et 

al., 2015), and task based condition contrasts (Smith et al., 2009). 

An alternative approach would have been to perform direct group comparisons between 

stroke participants and aged controls. Such analyses are useful for establishing whether group level 

gradient changes differ significantly from age related variation. However, they provide limited 

information about individual differences within the stroke cohort and are less well suited to relating 

gradient alterations to behavioural outcomes that are typically assessed only in patients. The 

subtraction approach adopted here therefore provided a complementary perspective, enabling stroke 

related deviations from normative organisation to be quantified at the individual level and linked to 

cognitive performance. 

 

5.3.2. Global attenuation of connectivity gradients after stroke 

This section first considers the common, group-level pattern of gradient attenuation observed after 

stroke, and the subsequent sections examine the IFG’s typical position along the three gradient axes 

and how stroke alters that position. Across this thesis, two stroke samples were examined to 

characterise restingstate functional connectivity gradients following stroke. The first was a smaller 

group of twenty-one individuals with semantic aphasia, all with left hemisphere infarcts; a subset of 

these participants had resting-state fMRI data from which connectivity gradients were extracted in 

Chapter 2. The second was a larger and more heterogeneous cohort of sixty stroke survivors with 

diverse lesion profiles, used in Chapters 3 and 4. Importantly, the findings discussed in this section 

refer only to the resting state–derived gradients from these two samples and not based on the 

simulated post-stroke gradients. Despite differences in lesion location and behavioural phenotype, 

both samples showed a consistent global pattern of gradient attenuation. In the semantic aphasia 

group, the first two gradients were compressed, reducing the separation between transmodal and 

unimodal regions. In the larger cohort, the first three gradients were similarly reduced relative to age 

matched controls. Across both samples, transmodal and unimodal regions moved toward the centre of 

Gradient 1, visual and motor regions shifted toward the centre of Gradient 2, and control network and 

default mode regions converged toward the midpoint of Gradient 3. Together, these findings indicate a 

common global signature of stroke in which dimensional hierarchy is less differentiated. 
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Focal lesions disrupt the brain’s small-world organisation by altering the balance between 

local clustering and long-range integration (Grefkes & Fink, 2011). Stroke alters network organisation 

in both the ipsilesional and contralesional hemispheres, producing widespread changes in regions far 

from the lesion site (Wang et al., 2010; Sagues et al., 2025). This global compression of gradient 

space aligns with classical and contemporary accounts of diaschisis, in which focal lesions produce 

widespread functional disturbances in structurally intact regions through the disruption of long-range 

connections (Carrera & Tononi, 2014). In gradient space, these distributed effects appear as parcels 

shifting toward the centre of the axes. However, this shift may reflect not only a loss of differentiation 

in functional connectivity profiles, but also changes in connectivity that are associated with the 

support of particular functions (Latifi et al., 2020). For example, in Chapter 3, left IFG’s stronger 

DMN connectivity supported better speech production. Thus, reductions in gradient separation may 

reflect both the loss of a region’s typical functional role and its movement toward a new position in 

gradient space that supports reorganisation. This interpretation is consistent with evidence that 

network disturbances caused by stroke elicit new or strengthened connections, which may be linked to 

impairment but also support recovery, a process commonly referred to as functional reorganisation 

(Latifi et al., 2020; Latifi & Carmichael, 2024). 

 

5.3.3. Gradient-specific shifts of the inferior frontal gyrus after stroke 

Interpreting the IFG’s position in connectivity gradients 

Across the three empirical chapters, the inferior frontal gyrus (IFG) emerged as a region that 

reorganised in different ways across the principal gradients, with each pattern linked to distinct 

language outcomes and to different large-scale control networks (Figure 5.1). In Chapter 2, the left 

IFG showed a shift toward a more unimodal connectivity profile along Gradient 1, and the significant 

cluster overlapped primarily with the semantic control network but also extended into the 

frontoparietal network. In Chapter 3, the left IFG moved from the control network end toward the 

default mode end of Gradient 3, and this cluster aligned with the semantic control network without 

overlap with the multiple demand or frontoparietal networks. In Chapter 4, the right IFG showed a 

more motor like connectivity profile along Gradient 2, and the corresponding cluster aligned with the 

frontoparietal network, consistent with its connections to premotor and motor cortices. Together, these 

findings show that left and right IFG reorganise along distinct gradient axes and within different 

functional networks, providing a mechanistic account of how these regions contribute to recovery of 

semantic control, speech, phonology and working memory after stroke. 
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Figure 5.1. Behaviourally significant IFG clusters identified across the three empirical 

chapters, their positions in gradient space, and their relation to large-scale control networks. 

A) Significant clusters associated with behaviour in each chapter. From top to bottom, the 

rows show the left IFG cluster from Chapter 2 associated with poor semantic control in 

Gradient 1, the left IFG cluster from Chapter 3 in Gradient 3 linked with speech and writing, 

and the right IFG cluster from Chapter 4 in Gradient 2 linked with phonology and working 

memory. B) The three aged control gradients derived from the PLORAS sample. C) The 

networks associated with each cluster, shown with the semantic control network (SCN), 

multiple demand network (MDN), and frontoparietal network (FPN). The Chapter 2 left IFG 

cluster overlaps primarily with the SCN but also extends into the FPN, the Chapter 3 left IFG 

cluster aligns with the SCN, and the Chapter 4 right IFG cluster aligns with the FPN. 

This section first outlines the IFG’s anatomical location, functional role, and position within 

connectivity gradients, before interpreting its shifts along the gradient axes and their relationship to 

post-stroke cognition. The IFG occupies a prominent region on the ventrolateral surface of the 

prefrontal cortex (Petrides & Pandya, 2004). It is divided in a caudorostral direction into three 
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subregions—pars opercularis, pars triangularis, and pars orbitalis (Briggs et al., 2019)—each showing 

distinct patterns of functional connectivity. Anterior IFG is associated with higher-order networks, 

whereas posterior IFG is linked to primary and sensorimotor systems (Diveica et al., 2023; 

Rauschecker, 2010). This anatomical variation corresponds to specialised functional roles. 

A recent study characterised this organisation using connectivity gradients, identifying an 

anterior–posterior gradient spanning from high-level control networks to perceptually driven 

networks, and a dorsal–ventral gradient differentiating domain-general control regions dorsally from 

ventral regions anchored in the semantic control network (Diveica et al., 2023). The IFG participates 

in several large-scale networks involved in language, executive control, and semantic control (Gratton 

et al., 2017; Hagoort, 2014; Underwood et al., 2021; Whitney et al., 2011). It has also been described 

as a connector hub due to its strategic position at the intersection of functional systems including the 

salience, frontoparietal, and default mode networks (Das & Menon, 2024; Gordon et al., 2018). Such 

hubs are critical for coordinating interactions between control and representational systems (Bertolero 

et al., 2017; Mesulam, 1990). Across this thesis, the IFG showed systematic shifts along the principal 

gradient axes, and these shifts were closely related to semantic control and language outcomes after 

stroke. These findings indicate that the IFG undergoes measurable functional reorganisation in 

gradient space, and that its altered position along these axes may serve as a sensitive marker of 

post-stroke changes in higher-order cognition. 

Across the three gradients, the IFG occupies consistent positions in young adults: it lies 

toward the transmodal end of the unimodal–transmodal axis (Gradient 1), toward the visual end of the 

visuomotor axis (Gradient 2), and along the control–DMN axis (Gradient 3). These positional 

descriptions are based on gradients derived from the young HCP dataset. In the empirical chapters, 

two different aged-control samples were used, and the IFG showed the same relative positions along 

each gradient, although the overall spread of gradient space was reduced in ageing. Because the stroke 

participants in this thesis were between 55 and 80 years old, aged-control gradients provided the 

appropriate baseline for comparison. Establishing the IFG’s position in ageing individuals is therefore 

essential for interpreting stroke-related shifts in gradient space. The IFG’s positions along the three 

gradients reflect established connectivity patterns rather than arbitrary placements in gradient space. 

The position of the inferior frontal gyrus near the transmodal end of Gradient 1 is consistent with the 

broad organisation captured by the principal gradient, which separates sensory regions from higher 

association cortex. This organisation draws parallels with accounts in which complex language 

functions rely on the interaction of memory, unification and control processes (Hagoort, 2013), 

supported by prefrontal and temporoparietal regions that sit toward the transmodal end of this 

hierarchy. The IFG’s position toward the visual end of the visuomotor axis (Gradient 2) aligns with 

evidence that the executive-control network is engaged during visual working-memory tasks, which 

require interactions between frontal regions and visual cortex (Jiayu et al., 2025). The IFG is also a 
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node of the control network, and its role in maintaining and flexibly using information according to 

contextual demands reflects its contribution to top-down cognitive control (Badre et al., 2005; Das & 

Menon, 2024). This is captured in its position along the control–DMN axis (Gradient 3), which 

represents the contrast between task-positive control regions and the task-negative DMN, and the 

IFG’s placement toward the control-network end is consistent with its established role in cognitive 

control (Smallwood et al., 2021). At the same time, the IFG is a core region of the semantic control 

network and occupies an intermediate position between DMN and MDN, suggesting that its role on 

Gradient 3 is not fixed but flexible, allowing it to shift between internally oriented, DMN-related 

semantic processes and externally oriented, MDN-related controlled processing depending on task 

demands (Chiou et al., 2023). 

 

5.3.4. Functional reorganisation of the inferior frontal gyrus across connectivity gradients 

Although the findings from the empirical chapters can be interpreted individually, they collectively 

suggest that the inferior frontal gyrus undergoes multiple forms of functional reorganisation that are 

captured by different connectivity gradients. This diversity likely reflects the position of the inferior 

frontal gyrus at the intersection of several large-scale systems, where default mode, control, and 

sensorimotor influences converge. Because the inferior frontal gyrus bridges the default mode and 

control networks in the Yeo parcellation (Yeo et al., 2011) and occupies transmodal positions along 

several cortical gradients, it is well placed to shape how long-range conceptual representations 

interact with task-relevant control and sensorimotor features. This integrative role is consistent with 

accounts of semantic control, in which the inferior frontal gyrus guides conceptual activation 

according to current goals (Jackson, 2021; Gao et al., 2023). Consequently, even modest shifts in its 

position within gradient space may alter how different sources of information are integrated during 

language processing. The following subsections examine how these distinct patterns of reorganisation 

emerged across individual gradients and how they related to specific behavioural outcomes in the 

stroke cohort. 

Left IFG shift toward unimodal connectivity in semantic aphasia 

The left IFG is a core region of the semantic control network, and the stroke participants in Chapter 2 

showed semantic control impairments characteristic of semantic aphasia—a multimodal deficit in 

which the ability to flexibly shape conceptual knowledge is disrupted across modalities. As shown in 

Fig. 1, a key finding in Chapter 2 was that the left IFG shifted towards the unimodal end of 

Gradient 1, despite typically occupying a transmodal position. This shift was correlated with poorer 

semantic control performance. Within the Controlled Semantic Cognition framework, semantic 

control refers to the processes that shape conceptual activation according to task demands. Conceptual 
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knowledge is represented in heteromodal hub regions, where information from different modalities is 

integrated into coherent semantic representations. Accessing this knowledge in a context-appropriate 

way requires control processes supported by the left IFG, which bias activation within semantic 

memory to retrieve only the information relevant to current goals (Jefferies et al., 2019). Lesion–

symptom studies have consistently linked frontal lobe damage with semantic control deficits. In our 

sample, however, the left IFG was structurally spared, yet its altered functional organisation was still 

associated with semantic control difficulties, suggesting that network-level functional reorganisation 

in structurally intact regions may contribute to behavioural impairments 

Recent work has identified a cortical mosaic for conceptual integration across posterior 

temporal and inferior frontal regions, recruited during controlled semantic retrieval (Murphy et al., 

2023). The semantic aphasia group in Chapter 2 showed maximal lesion overlap in the insular cortex. 

Given that the anterior insula connects strongly with prefrontal regions and the posterior insula with 

posterior temporal cortex, a plausible explanation is that damage to this bridging structure disrupted 

functional integration between IFG and posterior temporal regions. One possible interpretation is that 

displacement of the IFG from its typical transmodal position toward a more unimodal connectivity 

profile reduced its capacity to support goal-directed semantic retrieval. 

Left IFG’s shift along the control–DMN axis and its impact on expressive language 

In Chapter 3, the left IFG showed a dissociation in expressive language outcomes: speech production 

was stronger, whereas writing performance was weaker, in individuals whose IFG was positioned 

closer to the default mode network rather than its typical control-network affiliation along the control–

DMN axis. Understanding the IFG’s classical contributions to speech and writing provides essential 

context for interpreting how this reorganisation relates to expressive outcomes in the stroke group. 

Broca’s area, situated within the IFG, has long been recognised as a key region for expressive 

language, supporting both spoken and written output (Foundas et al., 2014; Johns, 2014). 

Contemporary speech motor control models clarify how the IFG contributes to speech production. In 

the dual stream model, the left dorsal stream contains posterior IFG, premotor cortex and the parietal–

temporal junction, and supports the transformation of phonological representations into articulatory 

plans through interactions with sensorimotor cortex (Hickok, 2012; Hickok & Poeppel, 2007). 

Neuroimaging studies show that the left IFG is engaged during motor planning and programming of 

speech, which aligns with this framework (Memarian et al., 2012; Pützer et al., 2019; Silva et al., 

2022). Lesions affecting Broca’s region and neighbouring frontal areas typically result in Broca’s 

aphasia, which is characterised by effortful and non-fluent speech (Andrews et al., 2022; 

Gajardo-Vidal et al., 2021). In the Chapter 3 sample, the left IFG was structurally spared despite 

frontal involvement elsewhere. A systematic review of post-stroke language outcomes shows that 

increased activation in perilesional and spared left-hemisphere regions (Fridriksson et al., 2012; 



Page | 143  

 

Meinzer et al., 2008; Van Hees et al., 2014), including  increased activation of left IFG, is associated 

with better naming after anomia therapy (Simic et al., 2023). This evidence highlights the importance 

of the IFG for supporting expressive language after stroke, and other studies suggest that activity 

within the default mode network is also linked to improved language function (Dreyer et al., 2020; 

Geranmayeh et al., 2016). Our findings connect these two strands of evidence by showing that the 

IFG’s position within large-scale connectivity gradients is behaviourally relevant. A shift of the left 

IFG toward the DMN end of the control–DMN axis was associated with better speech production. 

Evidence for interaction between the control network and the DMN comes from work by Gordon and 

colleagues (2018), who identified a set of control–default connector hubs that interface between the 

frontoparietal network and the DMN. These hubs are thought to support the regulation of internally 

generated processes such as memory, planning and conceptual retrieval (Andrews-Hanna et al., 2014; 

Dixon et al., 2018; Spreng and Schacter, 2012). This organisational principle makes it plausible that 

regions within the control network, including the IFG, can shift toward more DMN-like connectivity 

patterns along the control–DMN gradient (Dixon et al., 2018; Gordon et al., 2020). 

The DMN is not a purely task-negative system but contributes to episodic memory, working 

memory, divergent thinking and semantic processing, including individual word meaning, 

sentence-level integration and discourse comprehension (Benedek et al., 2016; Konishi et al., 2015; 

Krieger-Redwood et al., 2016; Murphy et al., 2018; Smallwood et al., 2021; Fernandino & Binder, 

2024). In this context, a shift of the left IFG toward the DMN end of the control–DMN gradient may 

enhance internally guided semantic and memory access that supports speech production. In contrast, 

writing relies more heavily on externally directed, controlled processing (Planton et al., 2013) and 

typically requires down-regulation of DMN activity (Čeko et al., 2015; Thomason et al., 2008). The 

same DMN-ward shift that benefits speech may therefore disadvantage writing, reflecting a functional 

dichotomy in how the IFG engages with DMN-related versus control-related processes. 

Writing is a complex cognitive process that integrates linguistic and motor components. 

Cognitive models propose two routes for converting linguistic input into written output: a 

phonological route that supports sound-to-letter mapping, and a lexical route that converts semantic 

information into orthographic forms. The writing component identified in the principal component 

analysis, which loaded on written picture naming and writing to dictation, reflects demands on both 

routes (Chen et al., 2023; Roeltgen et al., 1985). Lesion–symptom mapping in Chapter 3 showed that 

damage to superior and middle temporal gyri was associated with phonological and working memory 

deficits, whereas premotor and primary motor cortices were largely spared, suggesting that the writing 

difficulties observed in this cohort are unlikely to reflect motor impairment. Instead, writing relies 

heavily on externally directed, controlled processing, including orthographic retrieval and the 

sequencing of grapheme-to-motor plans, processes that are typically supported by control-network 

engagement rather than DMN involvement. Although the left inferior frontal gyrus contributes to 
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writing, a shift toward more default‑mode‑like connectivity may reduce its ability to support these 

control‑dependent linguistic processes, particularly in the context of weakened phonological and 

lexical inputs from temporal‑lobe regions. However, alternative interpretations are possible. The PCA 

component associated with writing loaded on written dictation, written picture description and written 

naming, tasks that require the flexible coupling of control, orthographic and semantic processes. From 

this perspective, the observed shift could reflect reduced engagement of control mechanisms, 

increased integration with default‑mode processes, or a loss of flexibility in how the region couples 

with orthographic and semantic systems (Fedorenko & Thompson-Schill, 2014; Hertrich et al., 2020; 

Jefferies et al., 2020) during visually guided writing. These accounts each provide a plausible 

explanation for why a more default‑mode‑like connectivity profile in the left inferior frontal gyrus 

was associated with poorer writing performance. 

Right IFG’s visuomotor shift and phonology 

In Chapter 4, for the first time we introduced a simulation model that incorporated multiple layers of 

stroke impact: focal effects, distant effects and global changes in structurally intact regions. All of 

these effects were modelled from a cortical, lesion-centred perspective, with reductions explicitly 

propagated across the unlesioned connectome. This framework allowed us to examine how 

lesion-driven disruptions might alter large-scale functional organisation beyond the site of damage. 

One of the key findings was that the right inferior frontal gyrus shifted toward the motor end of 

Gradient 2, the visuomotor axis, and this pattern was associated with better phonology and working 

memory (Fig. 3). Simulated post-stroke gradient maps generated using the iterative propagation 

method were used to characterise how lesion-driven changes in gradient space relate to language 

outcomes. A lesion–gradient mapping analysis conducted on these simulated maps identified a right 

inferior frontal gyrus cluster linked to the phonology and working-memory component. A follow-up 

analysis then tested whether the same region showed a comparable association in the observed stroke 

gradients, and it demonstrated the same directional relationship. The right IFG acts as an integrative 

hub supporting phonology-related functions such as phonetic monitoring, mismatch detection and 

phonological decision-making (Hartwigsen et al., 2010; Nucci et al., 2026). Several left-hemisphere 

regions also contribute to phonological processing, including the left IFG, frontal operculum, insula, 

anterior cingulate cortex, cerebellum and thalamus, while the left inferior and superior temporal gyri, 

precentral gyrus and supplementary motor area are additionally engaged during phonological 

processing in tasks such as picture naming (Lacey et al., 2017; Price et al., 2005). 

The phonological loop from Baddeley and Hitch’s working-memory model aligns closely 

with the phonological component identified in the principal component analysis reported in Chapter 4, 

which showed strong loadings on digit-string repetition and sentence repetition (Baddeley & Hitch, 

1974). These subtests from the Comprehensive Aphasia Test require the temporary maintenance of 

phonological information. The model proposes a specialised system for holding speech-based 
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material, comprising a phonological store that briefly retains verbal input and an articulatory rehearsal 

process that refreshes these representations through subvocal repetition (Hughes, 2024). The 

articulatory component has been linked to the left inferior frontal cortex, supplementary motor area, 

premotor cortex and insula (Emch et al., 2019), while verbal working memory more broadly engages 

prefrontal regions (Lara & Wallis, 2015; Narayanan et al., 2005). 

Lesions to dorsal stream regions such as the supramarginal gyrus, inferior postcentral gyrus, 

precentral gyrus and premotor cortex are known to impair phonological production, but these areas 

were largely spared in most participants included in Chapter 4. Of the 52 stroke survivors, 44 had left 

hemisphere infarcts that extended into parts of the left IFG, and the lesion–gradient mapping therefore 

examined functional reorganisation in unlesioned language network regions, including right 

hemisphere areas. Previous work has shown that the right IFG pars triangularis can support naming 

improvements following phonological cueing therapy (Abel et al., 2014; Harvey et al., 2019), and 

mechanistic accounts of post-stroke recovery propose that damage to the left hemisphere language 

network may lead to recruitment of right hemisphere homologues and residual non-linguistic 

networks. These ideas support the finding in Chapter 4 that better phonology and working memory 

performance were associated with the right IFG, suggesting that this engagement may reflect 

increased recruitment of contralesional frontal regions when left hemisphere language areas are 

compromised. The gradient-based analysis clarified not only which region was associated with 

behaviour but also how its functional embedding changed. The right IFG shifted toward the motor end 

of the visuomotor axis, a plausible pattern given its connections with premotor and motor cortices. 

The novelty lies in showing that the behavioural improvement corresponds to a specific reorganisation 

in gradient space rather than a general increase in right hemisphere involvement. 

There are several possible interpretations of this right hemisphere involvement. One 

possibility is that phonological and working memory processes are supported by bilateral networks, 

and that these functions may reorganise to rely more on right hemisphere regions when left 

hemisphere areas are damaged (Xing et al., 2015). Another interpretation is that increased right 

hemisphere engagement reflects greater task demands. Geranmayeh et al., (2014) have argued that 

increased right hemisphere activation after stroke can arise from heightened processing difficulty, and 

similar patterns can be observed in healthy individuals when speech input is degraded (Wild et al., 

2012). The present findings are consistent with both accounts. The right IFG may be recruited because 

it can support phonological and working memory processes when left hemisphere regions are 

compromised, but its engagement may also reflect the increased cognitive effort required to perform 

these tasks after stroke. The gradient-based analysis adds specificity by showing that this involvement 

corresponds to a shift toward a more motor-like connectivity profile. 
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Chapter 4 used a subset of the PLORAS dataset analysed in Chapter 3. The reduced sample 

reflected the requirement for cortical lesions in the simulation model. Because the two chapters draw 

on largely the same participants, the patterns observed across them relate meaningfully to one another. 

In Chapter 3, the left IFG was associated with better speech production when its connectivity shifted 

toward the DMN end of the control–DMN axis. In Chapter 4, the right IFG was associated with better 

phonology and working memory when its connectivity shifted toward the motor end of the 

visuomotor axis. Together, these findings show how homologous regions contribute to related 

language functions and demonstrate that two different functional axes provide a mechanistic 

explanation for how left and right IFG reorganise to support recovery of speech, phonology and 

working memory after stroke. These patterns align with evidence that physiological connectivity can 

be restored during the chronic phase of stroke (Tao & Rapp, 2020). 

The empirical chapters show that connectivity gradient shifts capture behaviourally 

meaningful reorganisation in both left and right IFG, and that different gradient dimensions explain 

why some aspects of language improve while others decline. An alternative account is that stroke-

related changes reflect a broader loss of modular organisation, sometimes referred to as network 

randomisation. In other neuropathologies such as brain tumour, severe traumatic brain injury and 

Alzheimer’s disease, this term has been used to describe shifts towards more random-like connectivity 

patterns associated with reduced small-world organisation (Bartolomei et al., 2006; Gerloff and 

Hallett, 2010; Nakamura et al., 2009; Stam et al., 2007). However, the concept lacks a universally 

agreed definition and remains difficult to operationalise (Tscherpel et al., 2025). The present findings 

instead indicate that stroke-related changes are organised along specific gradient dimensions and 

linked to distinct behavioural outcomes, which suggests that reorganisation is structured rather than 

uniformly distributed across the cortex. 

The IFG shifts observed in this thesis were directional and linked with behaviour, which 

indicates that reorganisation in this region has functional consequences rather than simply reflecting a 

non-specific loss of network organisation. The prefrontal cortex coordinates cognitive control across 

large-scale networks including the frontoparietal, salience, cingulo-opercular, default mode and 

attention systems (Menon and D'Esposito, 2021). The IFG contributes to this control architecture by 

supporting inhibition, selection and goal-directed behaviour. All behavioural associations observed in 

this thesis, including semantic control, speech, writing, phonology and working memory, involve 

control-related demands. Therefore, the IFG's involvement in these functions is not unexpected. What 

is novel is that its connectivity pattern changes in gradient space in ways that are associated with both 

preserved and impaired cognitive performance after stroke. These findings suggest selective 

reconfiguration of the IFG within the surviving network architecture. 
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These findings also have potential clinical implications. Connectivity gradients provide 

information beyond lesion location by identifying how transmodal regions have been repositioned 

within the brain’s functional hierarchy after stroke. Because the direction of IFG reorganisation was 

associated with different behavioural outcomes, gradient position may offer a framework for 

identifying the functional changes linked with specific impairments. Rather than targeting the lesion 

itself, rehabilitation could ultimately aim to influence the functional embedding of surviving 

transmodal regions, encouraging shifts toward positions within gradient space that are associated with 

improved behavioural performance. In this way, connectivity gradients could provide a quantitative 

basis for designing and monitoring personalised rehabilitation strategies. Although this thesis cannot 

determine whether therapy can induce such shifts, it establishes an association between the position of 

transmodal regions within gradient space and behavioural performance, providing a rationale for 

future longitudinal intervention studies. 

Further validation is required, but gradient-based measures may contribute to future biomarkers of 

reorganisation for domains such as semantic control, phonology and speech production. Identifying 

whether a region has shifted toward a connectivity profile that supports or hinders a specific language 

function may help stratify patients, refine prognostic models and guide therapy selection. Specific 

positional changes in gradient space that are linked with improvements in semantic cognition and 

language could, in principle, serve as indicators of therapy responsiveness, although this remains to be 

tested. The present results therefore provide an initial mechanistic framework that could inform the 

development of targeted interventions, while recognising that translation into clinical practice will 

require larger samples, longitudinal designs and replication across independent cohorts. 

 

5.4. Future directions 

This thesis opens the door to further exploration of connectivity gradients in stroke. We observed that 

the IFG’s shifts along different gradient dimensions influenced post-stroke cognitive outcomes. The 

next step is to identify what drives these shifts: lesion location, preserved white-matter pathways, or 

behavioural factors such as repeated task practice that reshape connectivity. Future work should 

develop statistical models that link lesion characteristics to gradient changes and, in turn, to cognitive 

outcomes, providing a mechanistic account of how structural damage leads to functional 

reorganisation. It will also be important to determine whether gradient shifts are driven primarily by 

grey-matter damage or by white-matter tract disconnection, as understanding their proportional 

contributions may clarify which mechanisms lead to greater severity or facilitate maximal recovery. A 

further, more exploratory direction is to test whether experience-dependent factors, such as therapy or 

repeated task practice, also reshape gradient positions over time. 
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Another important direction is to extend analyses to whole-brain gradients that include 

subcortical structures (Lucas et al., 2023; Yang et al., 2020). Regions such as the thalamus and basal 

ganglia form integrative loops with frontal and parietal cortices and play established roles in language 

and cognitive control (Greene et al., 2020; Hamker et al., 2025; Hwang & D’Esposito, 2022; 

Kawabata et al., 2021). Including these structures may reveal how subcortical regions are positioned 

within post-stroke gradient dimensions, capturing aspects of reorganisation that cortical gradients 

alone cannot detect. 

This thesis identified a key finding: the left IFG showed a shift toward a DMN-like 

connectivity profile that was associated with better speech production. A valuable next step is to 

determine whether the left IFG shows increased functional connectivity with DMN regions during 

speech in healthy ageing, given that the DMN, although often described as task-negative, also 

supports internally guided and semantic processes. Future work could test whether this interaction is a 

pre-existing but weak feature linked with speech, whether stroke amplifies it as a compensatory 

mechanism, or whether it emerges specifically in response to damage. 

A further avenue is to broaden both the behavioural and neural scope of gradient analyses. 

Executive-control impairments frequently co-occur with semantic and language deficits, yet they were 

not assessed here; future studies should incorporate broader neuropsychological batteries to determine 

how executive processes contribute to gradient reorganisation. The language assessments were also 

limited to CAT subtests, and richer measures of discourse, apraxia of speech, and visuospatial abilities 

would allow a more complete characterisation of how different cognitive domains relate to gradient 

changes. Methodologically, the analyses focused on the first two gradients (and Gradient 3 in one 

chapter), but higher-order gradients often capture hemispheric asymmetries (Rene del Jesus Gonzalez 

Alam et al., 2022); examining these could clarify how lateralised systems reorganise after stroke. It 

will also be important to compare ipsilesional and contralesional gradient attenuation directly, to test 

whether differences in gradient reduction across hemispheres relate to compensatory recruitment in 

the intact hemisphere. Together, these extensions would provide a more comprehensive account of 

how focal damage and distributed reorganisation jointly shape post-stroke cognition. 

Integrating temporal variability with gradient-based approaches also represents a promising 

direction. Moment-to-moment variability in the BOLD signal has been linked to the dynamical 

properties of large-scale networks and their ability to transition between functional states (Pincus, 

1994; Baracchini et al., 2021). In this thesis, connectivity gradients were extracted from resting-state 

fMRI of stroke individuals and aged controls across all three empirical chapters, but the analyses were 

based on static connectivity estimates. Combining temporal variability with gradient methods may 

reveal how stroke disrupts transitions between network states, potentially contributing to altered 
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occupancy of specific positions along a gradient dimension. Future work could test whether disrupted 

variability contributes to impairments in semantic control and language outcomes after stroke. 

Finally, comparing gradient-based changes across different patient groups and aetiologies 

may clarify whether distinct pathologies produce characteristic patterns in gradient space. Conducting 

gradient analyses in primary progressive aphasia would help distinguish lesion-induced gradient 

changes from neurodegenerative alterations. In the same way, gradient changes following stroke, 

traumatic brain injury, and network-level disorders such as Alzheimer’s disease could be examined to 

determine whether any features are shared across conditions or whether each pathology produces a 

characteristic pattern. Identifying such distinctions may eventually have clinical relevance, as 

pathology-specific gradient signatures could contribute to developing network-level biomarkers for 

diagnosis or prognosis. 

 

5.5. Conclusions 

This thesis applied the relatively new paradigm of connectivity gradients to examine post-stroke 

functional reorganisation and to test whether these continuous axes provide a deeper understanding of 

how cognitive performance relates to changes in functional organisation. Connectivity gradients 

revealed clear differences in functional organisation between aged controls and stroke survivors. They 

also showed a global stroke pattern in which all three functional axes were compressed, with gradient 

poles moving toward the centre. The thesis then examined how these alterations relate to behaviour. 

Each gradient axis captures a dimension defined by diametrically opposite functional profiles, and 

each brain region occupies a position along these axes that reflects its role within large-scale cortical 

organisation. Stroke disrupts these positional patterns, and the direction of displacement along an axis 

provides insight into whether reorganisation supports or hinders cognitive performance. For the first 

time, the gradient framework demonstrated how a connectivity profile defined by continuous 

functional axes, rather than within-network or between-network measures, can explain variation in 

cognitive outcomes. These findings show that shifts in gradient space capture meaningful 

reorganisation linked with both improvement and impairment across different cognitive domains. 

Across the three empirical chapters, behavioural outcomes were not determined by lesion 

location alone. Instead, dynamic reorganisation in structurally intact regions accounted for stroke 

outcomes through network-level changes beyond the lesion site. Patterns of improvement and 

impairment reflected how surviving regions repositioned themselves within large-scale cortical 

gradients that capture transmodal to unimodal, control to DMN and visuomotor dimensions of brain 

organisation. In semantic control, the left IFG shifted toward a more unimodal profile along 

Gradient 1, and this displacement was associated with poorer performance despite structural sparing. 
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This demonstrates that functional disorganisation in intact tissue can produce semantic control deficits 

characteristic of semantic aphasia. 

In expressive language, the left IFG’s position along the control–DMN axis explained a 

dissociation between speech and writing: a shift toward the DMN supported speech production but 

was linked to poorer writing, reflecting their different cognitive demands. This finding provides a new 

perspective by showing that writing difficulties are not solely a motor control problem but reflect a 

broader, multifaceted disruption of control-related processes. In phonology and working memory, the 

right IFG shifted toward the motor end of the visuomotor axis, and this reorganisation was associated 

with better performance, highlighting the compensatory contribution of right-hemisphere homologues 

when left-hemisphere language regions are compromised. The multidimensional perspective offered 

by gradients moves beyond traditional lesion-based approaches and provides a richer explanation for 

why some functions improve while others decline. The results also have potential clinical relevance. 

Connectivity-gradient shifts captured meaningful reorganisation in both hemispheres. Although 

further validation is required, gradient-based measures show promise as biomarkers of reorganisation 

across semantic control, phonology, speech production and writing. Identifying supportive or limiting 

connectivity profiles may help refine prognosis and guide therapy. 

Overall, this thesis provides a mechanistic framework for understanding post-stroke language 

outcomes, showing that reorganisation is shaped not only by where damage occurs but by how the 

surviving system reorganises across multiple functional axes. These insights lay the groundwork for 

future translational work aimed at developing targeted interventions and gradient-informed 

biomarkers, with the long-term goal of improving personalised rehabilitation after stroke. 
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Supplementary materials 

Chapter 2 supplementary materials 

 

 

 

 
Supplementary Figure 2.S1.  Steps followed for generating the lesion matrix: A) The lesion 

map was aligned to the Schaefer parcellation. B) The lesion proportion was estimated for 

each parcel. C) For each lesion, the lesion complement (spared tissue) per parcel was 

calculated from the lesion proportion. D) For each lesion, lesion complements were estimated 

for all 400 parcels. E) The 400 lesion complement values were multiplied by the same set of 

400 values, resulting in a 400 x 400 lesion matrix (Example values from the matrix shown). 

F) Lesion matrix generated. 
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Supplementary Figure 2.S2. Topographic organisation of connectivity gradients. (A) 

Topographic functional organisation of each gradient in aged controls. (B) and (C) 

Topographic cortical organisation of the observed and simulated functional gradients derived 

from resting-state fMRI and structural lesion data, respectively. For Gradients 1 and 2, 

regions located at the lower end of the gradient are shown in cool colours, whereas regions 

positioned toward the upper end of the gradient are shown in warm colours. 
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Supplementary Table 2.S1. Lesion location and lesion size. Lesion volume is reported in terms of the 

number of voxels (1 × 1 × 1 mm3). 

ID Hemisphere Lesion location Lesion volume 

(voxels) 

01 Left Lateral occipital cortex; Occipital cortex; Insular cortex 4039 

02 Left Inferior frontal gyrus (IFG); Lateral occipital cortex; 

Temporal fusiform cortex 

8766 

03 Left Intracalcarine cortex; Parahippocampal cortex 168 

04 Left Lateral occipital cortex; Motor cortex; Lateral prefrontal 

cortex; IFG 

13463 

05 Left Lateral occipital cortex; Precuneus; Posterior cingulate 

cortex 

2596 

06 Left Insular cortex; Motor cortex; Frontal pole; IFG 6943 

07 Left Lateral occipital cortex; Precuneus; Posterior cingulate 

cortex 

8317 

08 Left Insular cortex; IFG; Middle frontal gyrus; Temporal cortex; 

Supramarginal gyrus 

13907 

09 Left Middle frontal gyrus; Angular gyrus; Lateral occipital 

cortex 

762 

10 Left Middle frontal gyrus; IFG; Insular cortex; Lateral occipital 

cortex; Postcentral gyrus; Temporal cortex 

14491 

11 Left IFG; Temporal pole; Insular cortex; Supramarginal gyrus 7318 

12 Left IFG; Middle frontal gyrus; Frontal orbital cortex; Insular 

cortex; Temporal lobe 

7190 

13 Left Frontal orbital cortex; Insular cortex; Postcentral gyrus 4307 

14 Left Insular cortex 16 

15 Left Insular cortex; Temporal pole 2286 

16 Left IFG; Lateral occipital cortex; Angular gyrus; Supramarginal 

gyrus; Postcentral gyrus; Temporal cortex 

8809 

17 Left Middle frontal gyrus; Lateral occipital cortex 592 

18 Left IFG; Frontal orbital cortex; Insular cortex; Temporal pole 3700 

19 Left Superior frontal gyrus; Middle frontal gyrus; IFG; Motor 

cortex; Insular cortex; Temporal pole; Supramarginal gyrus 

16807 

20 Left Superior frontal gyrus; Middle frontal gyrus; IFG; Insular 

cortex; Motor cortex 

6590 

21 Left Angular gyrus; Postcentral gyrus 597 
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Supplementary Figure 2.S3. Permutation test results for Gradient 2 and lesion distribution. 

(A) Regions showing significant post-stroke changes in Gradient 2. Warm colours indicate 

areas where patients had significantly higher gradient values than controls, corresponding to 

shifts toward the motor end of the gradient, whereas cool colours indicate areas where 

patients had significantly lower values, corresponding to shifts toward the visual end. 

Clusters correspond to thresholded 1 − p images (cut-off = 0.95). (B) Lesion distribution map 

showing all lesioned voxels across the 21 semantic aphasia (SA) patients. 
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Chapter 3 supplementary materials 

 

 

Section I: PCA Results for the Comprehensive Aphasia Test 

 

 
 

Supplementary Figure 3. S1. Principal component analysis results of the CAT. A) PCA 

loading matrix of CAT subtests. PCA-1 is associated with speech; PCA-2 with phonology and 

working memory; PCA-3 with writing and visuomotor capacity; PCA-4 with comprehension 

and arithmetic; PCA-5 with recognition memory; and PCA-6 with gesture–object use. B) 

Scree plot showing the eigenvalues for each principal component. 

 

Section II: Post-stroke difference gradients 

We subtracted each stroke patient’s connectivity gradient from the average gradient map of 

age‑matched controls to focus only on stroke‑specific effects, generating post‑stroke difference maps 

for all three gradients. Figure 3.S2 shows the average post‑stroke difference maps for all three 

gradients (Figure 3.S2A–C). Positive values (red–yellow) in the difference maps indicate parcels with 
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lower gradient values in patients than in age‑matched controls, whereas negative values (green–blue) 

indicate parcels with higher gradient values in patients compared to controls.

 

Supplementary Figure 3.S2. Post-stroke functional connectivity differences after removing 

aging effects. Average connectivity maps from age-matched controls were subtracted from 

each stroke patient’s connectivity map, revealing positional shifts of brain regions across 

gradients. Top panel: A) shows stroke-related connectivity changes in Gradient 1, with shifts 

in both default mode network (DMN) and unimodal regions. B) shows connectivity changes in 

Gradient 2, involving shifts between visual and motor regions. C) shows connectivity changes 

in Gradient 3, with positional shifts in DMN regions and the control network. Warm colours 

indicate areas where patients had lower values than controls, while cool colours indicate 

areas where patients had higher values. 

 

 

Section III: Association between post-stroke functional connectivity gradient changes and 

language outcomes within the language network 

We explored how post‑stroke changes in functional connectivity gradients within the language 

network were associated with PCA‑derived language outcomes. To focus on intact tissue, voxels with 

≥25% lesion involvement were excluded from the language network mask (Figure 3.S3A). Results for 

PCA components 1-4 are in the main text. We additionally found worse performance in gesture–

object use (PCA component 6) was associated with gradient changes in the left superior frontal gyrus, 

paracingulate gyrus, and juxtapositional lobule cortex (Figure 3.S3B). These regions, normally 

anchored toward the control end of Gradient 3, showed a shift in functional alignment toward the 

DMN, and this shift was linked to poorer gesture–object use (Figure 3.S3C). 
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Supplementary Figure 3.S3. Permutation test results within the language ROI. A) Language 

network mask used after removing lesion voxels for the ROI analyses. B) Poorer gesture–

object use was associated with the left paracingulate and superior frontal gyri, regions 

normally aligned with the control‑network end of Gradient 3. C) Scatterplot showing the 

relationship between shifts in these regions along Gradient 3 and gesture–object use 

performance. 

 

Section IV: Whole-brain associations between post-stroke functional connectivity gradient 

changes and language outcomes 

 We investigated the association between changes in functional connectivity gradients in aphasia 

patients and PCA‑derived language components by conducting lesion–gradient symptom mapping 

within largely intact brain regions (removing voxels lesioned in ≥25%) across the whole-brain, to 

reduce the risk of type II errors. Nonparametric two‑sample t-tests, using FSL’s Randomise, with 

5000 permutations were performed. Gradient 3 in whole-brain analysis showed clusters for both PCA 

component 5 (recognition memory) and component 6 (gesture-object use). Right frontal medial 

cortex, paracingulate cortex, and subcallosal cortex were associated with worse recognition memory 

(Figure 3.S4A) while the bilateral anterior cingulate cortex and juxtapositional cortex were associated 

with worse gesture-object use (Figure 3.S4C). We further examined these regions’ functional 

affiliation with the default mode network (DMN) and control network end: to visualise these 

associations, we plotted gradient values for these clusters from the post-stroke difference gradient 

maps against task performance. Figure 3.S4B shows that in aphasia patients, a shift of the right frontal 

medial, paracingulate, and subcallosal cortices toward the default mode network (DMN) was 

associated with poorer recognition memory. These regions normally occupy an intermediate position 
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along Gradient 3. A similar pattern was observed in the anterior cingulate and juxtapositional lobule 

cortices, which are typically located nearer the control-network end of this gradient. In stroke patients, 

these areas also shifted toward the DMN pole, and this shift was linked to poorer performance on 

gesture-object use (Figure 3.S4D). 
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Supplementary Figure 3.S4. Permutation test results at the whole-brain level. A) A significant 

cluster in the right frontal medial cortex was associated with poorer recognition memory 

performance (top left panel) along Gradient 3. This region normally occupies an intermediate 

position on this gradient. B) Scatterplot showing the association between the right frontal 

medial cortex’s position along Gradient 3 and recognition memory performance (top right 

panel). C) Poorer gesture–object use was associated with bilateral anterior cingulate and 

juxtapositional lobule cortices (bottom left panel), regions typically located toward the 

control-network end of Gradient 3. D) Scatterplot showing the relationship between shifts in 

these bilateral regions along Gradient 3 and gesture–object use performance (bottom right 

panel). 
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Chapter 4 supplementary materials 

 

Section I: PCA Results for the Comprehensive Aphasia Test 

 

 

Supplementary Figure 4.S1. Principal component analysis results of the CAT. A) PCA 

loading matrix of CAT subtests. PCA-1 is associated with speech; PCA-2 with phonology and 

working memory; PCA-3 with writing and visuomotor capacity; PCA-4 with comprehension 

and arithmetic; PCA-5 with recognition memory; and PCA-6 with gesture–object use. B) 

Scree plot showing the eigenvalues for each principal component. 
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Supplementary Figure 4.S2. Heatmap showing spatial correlations between the observed and 

simulated Gradient 1 maps across α–γ parameter combinations. Each row corresponds to a 

stroke case, and each column represents an α–γ parameter pair. The parameter combination 

yielding the highest spatial correlation for each case is highlighted in black. 
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Supplementary Figure 4.S3. Heatmap showing spatial correlations between the observed and 

simulated Gradient 2 maps across α–γ parameter combinations. Each row corresponds to a 

stroke case, and each column represents an α–γ parameter pair. The parameter combination 

yielding the highest spatial correlation for each case is highlighted in black. 
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Supplementary Figure 4.S4. Bar plots showing the α–γ parameter combinations that 

produced the highest correlation between simulated and observed stroke gradients.  A) Best 

α–γ combinations for Gradient 1. B) Best α–γ combinations for Gradient 2. Bars indicate the 

number of participants for whom each α–γ parameter pair yielded the highest spatial 

correlation between the simulated and observed post‑stroke connectivity gradients. 
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Supplementary Figure 4.S5. Relationship between lesion hemisphere and simulation 

accuracy. Box plots showing spatial correlation values between observed and 

simulated post‑stroke gradient changes, grouped by the lesioned hemisphere (left, 

right, and bilateral lesions). Each box represents the distribution of spatial correlation 

values within that category. Median spatial correlation values did not vary across 

lesion groups, and no systematic differences were observed. 
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Supplementary Table 4.S1. Spatial correlations between observed and simulated post-stroke gradient 

changes for each lesion. 

Lesion Iterative model 

(G1) 

Direct simulation 

(G1) 

Iterative model 

(G2) 

Direct simulation 

(G2) 

Lesion 1 0.657390229 0.296658450 0.407615319 0.215697604 

Lesion 2 0.589004145 0.370557224 0.438035802 0.210674288 

Lesion 3 0.738865113 0.238896683 0.450326072 0.321150243 

Lesion 4 0.300190570 0.361641096 0.398822503 0.277402611 

Lesion 5 0.430413717 0.395064916 0.458372713 0.286906593 

Lesion 6 0.530569109 0.363057002 0.482224039 0.270427797 

Lesion 7 0.298357738 0.346445934 0.525891143 0.190336881 

Lesion 8 0.615152637 0.401390764 0.428630306 0.292671230 

Lesion 9 0.188795603 0.278141683 0.661861651 0.597688085 

Lesion 10 0.379267311 0.386318518 0.269238375 0.551441238 

Lesion 11 0.321487160 0.434147273 0.570806051 0.281817400 

Lesion 12 0.476303091 0.372826340 0.444171239 0.120553305 

Lesion 13 0.552174259 0.510757874 0.473194755 0.242084837 

Lesion 14 0.544899845 0.198309930 0.450553650 0.226382582 

Lesion 15 0.435224219 0.224797047 0.216625061 0.488849440 

Lesion 16 0.300342483 0.281844314 0.440534029 0.716859433 

Lesion 17 0.320041008 0.519701419 0.361081167 0.010339930 

Lesion 18 0.433665425 0.275313611 0.531796308 0.388758462 

Lesion 19 0.498122092 0.641605371 0.223317757 0.008434081 

Lesion 20 0.166635401 0.398611183 0.182274147 0.178491343 

Lesion 21 0.242396433 0.510379190 0.272391796 0.252448391 

Lesion 22 0.561264450 0.156808109 0.579645880 0.515748332 

Lesion 23 -0.019052305 0.437008240 0.462193148 0.575945713 

Lesion 24 0.619158707 0.370128564 0.385793283 0.209968620 

Lesion 25 0.515082801 0.611526523 0.182129447 0.169136270 

Lesion 26 0.655440375 0.397322596 0.339413846 0.505725329 

Lesion 27 -0.108650528 0.322579248 0.406220682 0.173320284 

Lesion 28 0.451267093 0.169797423 0.450783707 0.336941701 

Lesion 29 0.501610770 0.127542030 0.434655954 0.385525772 

Lesion 30 0.510178159 0.346447141 0.472790218 0.239453457 

Lesion 31 0.170496059 0.273666413 0.551111775 0.378489438 

Lesion 32 0.379913103 0.542018501 0.184428995 0.344160545 

Lesion 33 0.483033816 0.502196505 0.205908539 0.219317452 

Lesion 34 -0.076213218 0.119748225 0.553987778 0.607614436 

Lesion 35 0.117935758 0.388762641 0.376679115 0.138302052 

Lesion 36 0.419242397 0.415614699 0.359964767 -0.014958413 

Lesion 37 0.080323300 0.365748358 0.457366001 0.372172772 

Lesion 38 0.501018784 0.427853644 0.455053359 0.486922283 

Lesion 39 0.552459118 0.449097339 0.346172769 0.273569598 

Lesion 40 0.212603363 0.410960281 0.469644460 0.223719387 

Lesion 41 0.368351562 0.413132096 0.409689493 0.155528017 

Lesion 42 0.304194010 0.331215996 0.540000044 0.553153121 

Lesion 43 0.587130922 0.238794478 0.555957623 0.255620533 

Lesion 44 0.447040186 0.644506556 0.354060869 0.141457796 

Lesion 45 0.265841373 0.505509798 0.379545851 0.365817353 

Lesion 46 0.393137635 0.359778102 0.451547231 0.107561095 

Lesion 47 0.294038939 0.302198368 0.434634333 0.402922791 

ca://s/?q=Explain_lesion_ID_definition
ca://s/?q=Explain_iterative_propagation_model
ca://s/?q=Explain_direct_lesion_effects_simulation
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Lesion 48 0.757618387 0.222084653 0.292878471 0.232337124 

Lesion 49 0.323628349 0.222440115 0.493390144 0.770077894 

Lesion 50 0.420060027 0.367561845 0.337942155 0.432816996 

Lesion 51 0.033169159 0.450344572 0.271469847 0.392417304 

Lesion 52 0.429662241 0.023185656 0.399441516 0.724063938 

 

Table 4.S1 shows the Fisher z-transformed spatial correlations between the observed post-stroke 

gradient difference maps and the simulated gradient difference maps, estimated for both the iterative 

propagation model and the direct lesion effects simulation (without propagation) for Gradient 1 and 

Gradient 2. 

 

 

Supplementary Figure 4.S6. Relationship between lesion size and simulation accuracy for 

Gradient 1 and Gradient 2. A) Scatter plot showing the association between lesion size 

(number of lesioned parcels) and spatial correlation values between observed and simulated 

post-stroke gradient changes for Gradient 1. The red line indicates the fitted regression slope, 

showing no meaningful relationship between lesion size and simulation accuracy. B) Scatter 

plot showing the association between lesion size and spatial correlation values for 

Gradient 2. 
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Supplementary Figure 4.S7. Comparison of post‑stroke gradient changes between observed 

resting‑state gradients and simulated gradients from the iterative propagation model.  A) 

Observed effects of stroke on Gradients 1 and 2. B) Simulated effects of stroke on Gradients 1 

and 2. Warm colours indicate regions where patients had lower gradient values than 

controls, and cool colours indicate regions where patients had higher values than control. 

 

Section II: Post‑stroke connectivity gradient changes: observed versus simulated gradients from 

the iterative propagation model 

We compared post‑stroke changes between the observed gradients and those simulated using the 

iterative propagation model (Figure 4.S7). A warm–cool colour scale indicates each brain region’s 

shift along the gradient axes. Warm colours mark regions where patients had lower gradient values 

than controls, reflecting a shift toward the top end of the gradient. Cool colours mark regions where 

patients had higher values than controls, reflecting a shift toward the bottom end of the gradient. 

In Gradient 1, observed post‑stroke changes showed large portions of the default mode and 

frontoparietal networks shifting toward the unimodal end, whereas visuomotor regions shifted toward 

the transmodal end (Figure 4. S7A, top left). The simulation broadly captured both the direction and 

approximate magnitude of these displacements, although temporal and occipital pole regions showed 

mismatches in the direction of shift relative to the observed gradients (Figure 4.S7B, top right). In 

Gradient 2, the observed gradient showed visual regions shifting toward the motor end and motor 
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regions shifting toward the visual end (Figure 4.S7A, bottom left). The simulation captured the 

motor‑region shifts relatively well, although some visual regions did not shift toward the motor end to 

the same extent as in the observed gradient (Figure 4.S7B, bottom right). 

 

Section III: Network organisation in gradients between observed and stimulated stroke 

Connectivity gradients were aligned to Yeo’s network parcellation (Yeo et al., 2011), and average 

gradient values were computed for each network in both the observed and simulated stroke groups. 

Figure  4.S8 illustrates the relative positioning of each network along the transmodal–unimodal axis 

(Gradient 1) and the visuo–motor axis (Gradient 2) for both groups. For Gradient 1, the observed 

stroke showed a hierarchical ordering of networks: higher‑order systems (DMN and frontoparietal) 

were positioned at the transmodal end, followed by the ventral and dorsal attention networks, and 

finally the unimodal somatomotor and visual networks at the opposite end (Figure 4.S8A). The 

simulated stroke broadly recapitulated this organisation. The DMN and frontoparietal networks 

occupied similar positions to those in the observed data, and the ventral attention, dorsal attention, and 

somatomotor networks were also placed in comparable positions in gradient space (Figure 4.S8A). 

The main deviation was the limbic and visual networks, for which the simulation did not fully capture 

the observed positioning. On Gradient 2, visual and somatomotor networks were positioned at the 

extreme ends in the observed stroke. Most of the networks in the simulation occupied comparable 

positions, except the visual network, which was positioned much higher than the observed visual 

network (Figure 4.S8B). 
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Supplementary Figure 4.S8. Network‑level comparisons between observed and simulated 

stroke across connectivity gradients. A) Radar plot showing network positions along Gradient 

1  for observed stroke (magenta) and simulated stroke (green). B) Radar plot showing average 

network positions along Gradient 2 for observed stroke (magenta) and simulated stroke 

(green). Values represent mean gradient coordinates for each Yeo network in the left and right 

hemispheres. 
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Supplementary Figure 4.S9. Comparison of observed and simulated stroke-related gradient 

differences across functional networks. Box-and-scatter plots show the distribution of 

difference-gradient values (difference between aged controls and stroke participants) for both 

the observed stroke data (magenta) and the simulation model (green). (A) Gradient 1 and (B) 

Gradient 2 illustrate network-wise displacement patterns. Individual data points are plotted 

to show variability within networks.  
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Supplementary Figure 4.S10. Significant clusters from lesion–symptom mapping conducted 

on the simulation. Panels show cortical regions where simulated lesion–symptom mapping 

revealed significant associations between gradient changes and behavioural performance (A) 

Gradient 1: Clusters associated with better phonology and working memory (orange–red) 

and worse phonology and working memory (blue). (B) Gradient 2: Clusters associated with 

worse phonology and working memory (blue) and better writing performance (yellow–red). 

Colour bars indicate 1 – p values, where higher values reflect stronger statistical 

significance. 
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  F   C  lesioned = F   C  aged control × Lesion Matrix .


  l o s   s  i j = 1 −   ∣ F   C  l e s i o n e d , i j ∣  ∣ F   C  c o n t r o l , i j ∣


  s c a l   e  i j = ( 1 − 𝛼 ⋅ l o s   s  i j  )  𝛾


  F   C  simulated lesion = F   C  lesioned × Scaling Matrix .

