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Abstract

Introduction

Ischemic stroke, which makes up about 85% of all cases, disproportionately impacts individuals

in low- and middle-income countries (LMICs), where access to multidisciplinary rehabilitation is

limited. Consequently, many survivors turn to complementary therapies such as acupuncture, a

traditional Chinese practice with a long history. Although acupuncture shows promise for motor

recovery, its underlying neural mechanisms remain unclear.

Methods

This study examined the effects of adjunctive acupuncture on whole-brain structural connectivity

(SC) and functional connectivity (FC) in nineteen right-handed male ischemic stroke patients from

China. Participants were randomly assigned to True Acupuncture (TA; n=5), TA plus Physiother-

apy (TA+PT; n=6), or Sham Acupuncture plus Physiotherapy (SA+PT; n=8). The Xing Nao Kai

Qiao protocol (manual and electroacupuncture) was delivered over three weeks, with physiother-

apy following the same regimen. Motor recovery was assessed using the Fugl-Meyer Assessment

(FMA). Diffusion Weighted Imaging (DWI) and resting-state fMRI data were acquired pre- and

post-treatment. For FC analysis, Fisher-Z–transformed correlations were calculated within a GLM

framework, and the resulting significant FC findings guided the extraction of fractional anisotropy

(FA) values from SC matrices. SC–FC coupling was calculated to evaluate structure–function re-

lationships, and graph theory analyses assessed network-level changes pre- and post-treatment.

Results

In the TA group, FC significantly increased post-treatment compared to pre-treatment (p < 0.05),

particularly in the thalamus, caudate, hippocampus, and vermis, but decreased in the left SMA

coactivated with the rolandic operculum, Heschl’s gyrus, and superior temporal gyrus. In the
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TA+PT group, FC increased between the insula and cerebellar vermis (lobules I–II), but decreased

between the amygdala and bilateral orbital superior frontal gyrus, as well as the left middle tempo-

ral pole, post-treatment compared to pre-treatment. The SA+PT group showed the opposite trend,

with post-treatment increases in connectivity among the amygdala, prefrontal cortex, fusiform

gyrus, and SMA. Between-group post-treatment comparisons revealed that the TA group exhibited

a significant increase in functional connectivity (FC) between brain regions associated with motor

function compared to the SA+PT group. A similar trend was observed for the TA+PT group rela-

tive to the SA+PT group; however, in this case, FC between non-motor brain networks significantly

decreased compared to the SA+PT group. Furthermore, the TA+PT group showed a significant

reduction in FC between higher-order cognitive brain regions compared to the TA group.

Across groups, FC and SC showed weak, non-significant decoupling post-treatment (TA: r = –

0.15; TA+PT: r = –0.07; SA+PT: r = –0.11). FC metrics shifted toward a more random topology

post-treatment (0.74 < Sigma ≤ 0.81), though not significantly, while SC remained a regular net-

work (Sigma < 0.26) throughout. Lp for FC significantly decreased post-treatment compared to

pre-treatment in the SA+PT groups. In contrast, Lp for SC showed a non-significant increase

in the SA+PT group. Eloc for FC remained largely unchanged post-treatment compared to pre-

treatment, whereas SC Eloc significantly increased in the TA group. Notably, only FC measures

correlated significantly with FMA scores, restricted to the SA+PT group. Although no between-

group differences in FMA scores were observed, all groups showed significant within-group im-

provements post-treatment compared to pre-treatment (p < 0.001).

Discussion

Acupuncture combined with physiotherapy may enhance motor recovery by strengthening motor-

related networks while suppressing non-motor networks that could hinder recovery. Both SC and

FC showed disrupted segregation–integration balance, which acupuncture may help restore to-
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ward a more efficient, random FC organization. FC thus holds potential as a biomarker for mon-

itoring rehabilitation. Despite divergent neural patterns, all groups achieved significant FMA im-

provements, indicating convergent behavioral recovery.

Conclusion

Overall, these findings support integrating acupuncture into neurorehabilitation strategies, partic-

ularly in LMICs where access to conventional therapies is limited. However, the small sample size

and absence of female participants constrain generalizability.
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Nomenclature

AAL116 Automated Anatomical Labeling 116 (refers to the AAL atlas with 116 brain re-
gions)

ACC Anterior Cingulate Cortex

ACPC Anterior Commissure-Posterior Commissure

AFNI Analysis of Functional NeuroImages

AMOBES Active Mobility Very Early After Stroke

AP Anterior Posterior

BBB Blood-Brain Barrier

BDNF Brain-Derived Neurotrophic Factor

BMI Body Mass Index

BOLD Blood-Oxygen-Level-Dependent

CEN Central Executive Network

CNS Central Nervous System

CompCor Component-based Noise Correction

CSF Cerebrospinal Fluid

CST Corticospinal Tract

DALYs Disability-Adjusted Life Years

DICOM Digital Imaging and Communications in Medicine

DMN Default Mode Network

DTI Diffusion Tensor Imaging

DWI Diffusion-Weighted Imaging

EA Electroacupuncture

ECS Endocannabinoid System

FA Fractional Anisotropy

FC Functional Connectivity

FMA Fugl-Meyer Assessment

FSL FMRIB Software Library

FWHM Full Width at Half Maximum
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GBD Global Burden of Disease

GLM General Linear Model

GRETNA Graph-theoretical Network Analysis Toolkit

LMIC Low- and Middle-Income Countries

LPNN Limbic-Paralimbic Neural Network

LTP Long-Term Potentiation

MMSE Mini-Mental State Examination

MNI Montreal Neurological Institute

MoCA Montreal Cognitive Assessment

MPRAGE Magnetization-Prepared Rapid Gradient Echo

MR Magnetic Resonance

MRI Magnetic Resonance Imaging

NGF Nerve Growth Factor

NIfTI Neuroimaging Informatics Technology Initiative

NIHSS National Institutes of Health Stroke Scale

NMDA N-Methyl-D-Aspartate

Nogo-A Neuron Growth Inhibitor-A

OHBM Organization for Human Brain Mapping

PA Posterior Anterior

PM Premotor Cortex

PSD-95 Postsynaptic Density Protein 95

ReHo Regional Homogeneity

RNA Ribonucleic Acid

ROI Region of Interest

rs-fMRI resting-state Functional Magnetic Resonance Imaging

SFG Superior Frontal Gyrus

SMA Supplementary Motor Area

SN Salience Network

SPM Statistical Parametric Mapping

TCM Traditional Chinese Medicine
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TORTIOSE Tolerably Obsessive Registration and Tensor Optimization Indolent Software
Ensemble

VECTOR Very Early Constraint-Induced Movement during Stroke Rehabilitation

WHO World Health organization

WM White Matter

XNKQ Xing Nao Kai Qiao (a TCM acupuncture technique for stroke recovery)

Conventions and Terminology used in this Thesis
In this thesis, the term structural connections refers to the physical anatomical links between
brain regions, as derived from diffusion-based tractography. By contrast, functional connections
denote statistical associations between regional mean time series obtained from resting-state fMRI;
these correlations reflect temporal synchrony of activity rather than direct physical pathways.

Additionally, a note on nomenclature: when referring to brain regions by their labels in the AAL116
atlas, the spelling “Cerebelum” (with a single ”l”) was retained to reflect the atlas notation. However,
when discussing the neuroanatomy in general text, the conventional spelling “cerebellum” (with a
double “l”) was used.
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Chapter 1

Introduction

1.1 Stroke: A Cause of Global Mortality

Globally, stroke ranks as the second most common cause of death and the third most frequent

cause of disability. [1] The 2016 Global Burden of Diseases (GBD), Injuries, and Risk Factors Study

found that neurological disorders were the primary cause of disability-adjusted life years (DALYs).

Among these disorders, stroke emerged as the primary contributor to this burden. [2]

Stroke is a cerebrovascular disease distinguished by either ischemic or hemorrhagic events, in-

volving the obstruction or rupture of blood vessels, respectively. [3] Constituting approximately 85%

of all strokes, ischemic strokes, the most common form, [4] are highly diverse, consisting of multiple

subtypes: large-artery atherosclerosis, cardioembolism, small-artery occlusion, and cryptogenic

stroke. [5] It is predicted that in 2030 the global burden of ischemic cases will be more than 4 mil-

lion due to population growth, aging, and rising prevalence of risk factors. [6] The risk factors for

ischemic stroke can be grouped into three categories: non-modifiable (age, sex), semi-modifiable

(hypertension and diabetes mellitus), and modifiable (smoking, BMI, and alcohol consumption). [7]

Notably, hypertension and diabetes mellitus stand out as the most critical risk factors across all

subtypes of ischemic stroke. Furthermore, hypertension is the primary driver of cardiovascular

disease in Africa. Cardiovascular diseases constitute the most substantial contributor to the bur-

den of non-communicable diseases on the continent, responsible for nearly 40% of deaths and

approximately 23 million DALYs. [8] Therefore, African countries have an added burden due to the

rise of non-communicable diseases superimposed on communicable diseases. [9]
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1.2 Perspective from Low-and-Middle-Income Countries (LMICs)

The contrasts between high-income countries and LMICs are staggering, with the incidence of

stroke decreasing in the former and increasing in the latter. [10] 86% of all strokes occur in LMICs,

and this figure is expected to rise. [11] Strikingly, ischemic stroke patients in LMICs are younger

and have a poorer prognosis compared to high-income countries. [12;13] In South Africa, stroke

incidence has notably shifted to a younger population, with an average age of 54.3 years. [14] This

is further shown by a study in Tanzania, where 123 out of the 369 patients were less than 45 years

of age. [15] Furthermore, a study in Pakistan found that 30% of stroke patients were under 45 years

old. [16] Consequently, this places added pressure on the healthcare system [17] as this working-age

population contributes to the economy and requires longer post-stroke rehabilitation services for

full integration into society. [18]

In developed countries, stroke rehabilitation encompasses a multidisciplinary approach, which in-

cludes physiotherapy, speech therapy, and occupational therapy. [18] Stroke rehabilitation is impor-

tant for improving the patient’s quality of life, alleviate the consequences of functional limitations,

and address potential psychological problems. [19] However, due to the absence of accessible,

quality, and multidisciplinary stroke rehabilitation services in LMICs, particularly in rural areas,

stroke recovery is impeded. [20] This is seen in Nigeria, where stroke rehabilitation is carried out by

the general medical wards, instead of a multidisciplinary team. [21]

Consequently, many stroke patients seek complementary and alternative interventions due to the

delay and high cost associated with standard rehabilitation care. [22] Acupuncture, a practice rooted

in traditional Chinese medicine, has been used in China for 2,000 to 3,000 years and represents

one such intervention. [23–25]
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Chapter 2

Acupuncture

2.1 Stroke Rehabilitation in China

China faces the highest global stroke burden, with approximately 2 million new cases annually. [26]

About 43% of stroke patients in China do not undergo any rehabilitation, with less than 12% un-

dergoing rehabilitation in the first week of stroke onset. [27] This is due to the underdevelopment of

standardized stroke rehabilitation, insurance systems that do not fully cover rehabilitation, [28] in-

sufficient caregivers, and low medical resources. [29] Furthermore, standard rehabilitation encom-

passing multidisciplinary teams of nurses, physiotherapists, occupational therapists, and social

workers, is not as established in China as in the Western World, where it routinely forms part of

the stroke recovery pathway. [30] Although this is alarming, it provides opportunities to determine

the potential benefit of rehabilitation compared to no intervention (control), which is considered

unethical in much of the world. Indeed, a meta-analysis study showed that rehabilitation was able

to significantly reduce the burden of disability in stroke patients compared to no intervention. [30]

2.2 Acupuncture: An Overview

Acupuncture is the mechanical, electrical, or other physical stimulation of acupoints by insert-

ing needles into the skin. [23] ’Deqi’ (Chinese for the ”arrival of vital energy” or ”qi arrival”) is the

needling sensation experienced by both the patient and the acupuncturist [31] and according to

Traditional Chinese medicine (TCM) it is regarded as a critical factor that influences acupuncture

outcomes. [32–34] The sensations include a combination of heaviness, numbness, and soreness for

the patient and heaviness and tightness for the acupuncturist. [35] Multiple studies have shown bet-
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ter therapeutic outcomes when Deqi is experienced compared to when it is not. [36–38] In particular,

it was shown that acupuncture, in which Deqi was experienced, resulted in reduced spasticity after

stroke compared to the group that did not experience Deqi. [39] Interestingly, acupuncture where

Deqi was experienced was associated with a spatial pattern that extended farther from the stim-

ulus origin compared to tactile stimulation. [35] In contrast, another study found that patients in the

sham acupuncture group (n=20) had similar Deqi responses compared to the true acupuncture

group (n=20). [40]

2.2.1 True and Sham Acupuncture

True acupuncture is the needling performed at acupoints with physiological effects, whereas sham

acupuncture methods are used as a control. Proper sham acupuncture methods should be in-

distinguishable from true acupuncture and physiologically inert. [41] However, there is a lack of

evidence for this; no consensus exists on which sham acupuncture method to use, and report-

ing quality remains suboptimal. [42] This is seen in clinical trials where the sham methods involve

either minimal or non-penetrating acupuncture that results in heterogeneous outcomes across

studies. [41] Another method that is considered sham acupuncture is stimulation at non-acupoints.

A 2022 systematic review of 51 sham acupuncture trials revealed no notable differences between

true and sham acupuncture in assessing over 30 biomarkers. [43] This could be explained by the

cross-contamination which occurs due to variability in point localization identified by acupunctur-

ists. [44] This means that if the point localization is off by 1-2 centimeters, it might overlap with non-

acupoints. Some research indicates that the clinical benefits of acupuncture stem from patients’

expectations of a positive outcome and the interactions they have with their practitioners. [45–48]

Therefore, evaluating the efficacy of acupuncture concerning both acupoints and non-acupoints

continues to present a challenge.
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2.2.2 Acupoints

Acupoints serve as the anatomical sites where acupuncture needles are introduced, and in TCM

these points are believed to be linked by a system of meridians that extend lengthwise through-

out the body. [49] The meridian theory, a core concept in TCM, describes an intricate network that

facilitates the flow of Qi and blood. [50] Despite numerous efforts and throusands of years of prac-

tice, the anatomical location of acupoints and the acupoint selection for a specific disease remains

controversial. [51]

Clinical selection of acupoints revolves around three principles: Firstly, selecting local acupoints

near the symptomatic area. Secondly, choosing distant acupoints along the meridian from the

symptom’s location and thirdly, opting for distant acupoints based on symptom differentiation, ir-

respective of symptom location. [52] Using forward and reverse inference, it was shown that some

acupoints are common among all diseases, while other acupoints are more specific to certain dis-

eases or disorders. [52] The most common acupoints used for ischemic stroke are Baihui (GV20),

Zusanli (ST36), Quchi(LI11), Shuigou (GV26), Dazhui (GV14) and Hegu (LI4), which have been

shown to activate different molecular pathways involved in stroke recovery. [53]

A study examining acupuncture at the Baihui (GV20), Fengchi (GB20, bilateral), Xuanzhong (GB39,

bilateral), Quchi (LI11, bilateral), Hegu (LI4, bilateral), Zusanli (ST36, bilateral), and Sanyinjiao

(SP6, bilateral) acupoints found no association between enhanced white matter and motor re-

covery. [54] Interestingly, in a study where standard rehabilitation was used without acupuncture,

patients showed a positive correlation between white matter (WM) improvement and motor recov-

ery. [55]
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Figure 1: Acupoint locations as interpreted in Traditional Chinese Medicine teaching, illustrating anatomical reference points
relevant to both research applications and clinical acupuncture practice.[49]

2.2.3 Xing Nao Kai Qiao

XNKQ (regaining consciousness and opening orifice) is a needling method invented by Prof.Shi

Xuemin that has been shown to be effective for motor recovery in ischemic stroke patients. [56]

The principal acupoints stimulated during this acupuncture procedure are DU-26 (ren2 zhong1),

PC 6 (nei4 guan1), SP 6 (san1 yin1 jiao1), HT 1 (ji2 quan2), LU 5 (chi3 ze2), and BL 40 (wei3

zhong1), shown in Figure 1. [57] DU-26 corresponds to the buccal branches of the facial nerve and

the second branch of the trigeminal nerve, whereas PC 6 corresponds to the median nerve and

SP 6 to the tibial nerve. [58] Additionally, LU 5 is associated with the lung meridian, [59] HT 1 with

the radial side of the axillary artery, and BL 40 is located at the midpoint of the transverse crease
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of the popliteal fossa and associated with the tibial nerve. [60] A study using XNKQ showed that is-

chemic stroke patients receiving acupuncture had fewer dependencies. [61] This is supported by a

meta-analysis study that showed the XNKQ needling significantly reduced disability and enhanced

patients’ activity of daily living, noting the selective and measurement biases detected. [62] Another

study showed that adjunctive XNKQ acupuncture may be associated with improved cognitive per-

formance and daily living activities in acute ischemic stroke patients. [63]

2.2.4 Adjunctive Acupuncture

Adjunctive acupuncture refers to the use of acupuncture as an additional therapy in conjunction

with another medical intervention. It is not the primary treatment, rather, it is used alongside

conventional treatments to enhance the effects. Acupuncture adjunct to Western medicine, was

shown to reduce mortality risk in stroke patients compared to routine care alone. [64] Furthermore,

adjunctive acupuncture showed reductions in medical expenditure and re-hospitalization rates. [65]

Therefore, adjunctive acupuncture seems promising for stroke recovery and reducing the eco-

nomic burden of stroke.

Physiotherapy, encompassing structured physical rehabilitation, is one of the most frequently em-

ployed interventions alongside acupuncture in stroke recovery. Its role is critical in counteracting

inactivity, which can increase the risk of recurrent stroke. [66] Active physiotherapy, as opposed

to passive physiotherapy (which is limited to assisted muscle contractions and requires minimal

patient effort), includes activities such as aquatic therapy or gait training and has been shown to

elevate physical activity levels both during and after sessions. [67]

Evidence comparing physiotherapy and acupuncture suggests mixed results. In one trial involving

120 ischemic stroke patients, physiotherapy outperformed acupuncture treatment on the FMA

and Modified Barthel Index (MBI), and combining the two did not yield superior outcomes over
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physiotherapy alone. [68] Similarly, a larger study of 274 stroke patients treated over four weeks

found no synergistic effect of combined therapy compared with physiotherapy by itself. [69]

In contrast, another investigation assessing FMA, Mini-Mental State Examination (MMSE), and

Montreal Cognitive Assessment (MoCA) scores reported that adding acupuncture to conventional

rehabilitation produced additional gains in swallowing, lower-limb motor function, and cognitive

performance. [70] The timing of intervention also appears crucial, with evidence indicating that ear-

lier mobilization is associated with better recovery outcomes. [71]

2.2.5 Timepoint of Intervention

The importance of a critical time window for stroke recovery has been determined. [72] [73] [74] How-

ever, there is evidence against the widely accepted belief that stroke recovery only occurs within

the first six months after the lesion. [75;76] In a study investigating the functional and structural recov-

ery in 219 hemiparetic stroke patients, the critical period for neuroplasticity extended beyond 12

months. [77] Furthermore, it has been shown that acupuncture influences the reorganization of func-

tional and structural connections in adult stroke patients in the subacute and chronic phase. [78;79]

Adding to the complexity of determining the most appropriate time for intervention is investigating

whether rehabilitation outcomes are due to spontaneous recovery or to the treatment interven-

tion, especially early after the stroke onset. [80–83] A study that teased apart spontaneous recovery

and treatment to determine rehabilitation outcomes showed that treatment contributed twice as

much to defect reduction compared to spontaneous recovery. [80] Major factors influencing spon-

taneous recovery are the physiological phenomena such as blood-brain barrier (BBB) disruption

and reperfusion injury. [84]
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2.2.6 Blood Brain Barrier

The BBB is a dynamic physical and metabolic barrier that regulates communication between the

central nervous system and the peripheral body, creating a tightly controlled microenvironment

that is vital for maintaining homeostasis. [85–87] Ischemic stroke has been shown to contribute to

BBB disruption, which is associated with the altered expression of tight junction proteins. This

results in cerebral edema, increased infiltration of leukocytes, and hemorrhagic transformation,

exacerbating ischemic injury. [88]

Increased BBB permeability is suggested to be the final converging mechanism of reperfusion

injury in ischemic stroke. [82] Reperfusion injury occurs in 3 stages (Figure 2):

1. Loss of cerebral autoregulation

2. Hypoperfusion

3. A biphasic rise in paracellular permeability

The first phase of paracellular permeability is characterized by an inflammatory response (3 - 8

hours post-reperfusion), and during the second phase, angiogenesis and vasogenic edema take

place (18 - 96 hours post-reperfusion). [89] A meta-analysis study showed that acupuncture within

48 hours post-stroke had superior beneficial effects compared to acupuncture after 2 days. [90] At

first glance, acupuncture intervention within the second phase of the third stage of reperfusion

injury might seem like the preferred option. However, it has been shown that there is no signif-

icant difference between acupuncture intervention at 48h, 49-72h, and 4-10 days. [91] Therefore,

conclusions about the intervention time of acupuncture are inconsistent.

2.2.7 Duration of Intervention

In a study of 251 ischemic stroke patients assigned to one of three groups based on acupunc-

ture needle-retention times (20, 40, and 60 minutes), those in the 60-minute group experienced
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Figure 2: Flow chart depicting the mechanism of reperfusion injury, outlining three stages, with the third stage comprising
two distinct phases. [76]

the most favorable outcomes. [92] Another study showed that 24-hour needle retention had overall

better motor outcomes compared to control (no acupuncture) and 30-minute needle retention. [93]

However, after 3 months, there was no significant difference between the three groups when com-

paring patients’ balance. Therefore, it might be suggested that despite different retention times at

the initial stages, with time, there is a point of convergence where the balance in patients is similar.

The outcomes of acupuncture can be further affected by the acupuncture modality.

2.2.8 Acupuncture Modality

Manual acupuncture (MA) includes manipulation techniques such as rotation, lifting, and thrusting

and can range from subtle to vigorous, rapid, and forceful. [94] On the other hand, electroacupunc-

ture (EA) applies electrical currents to acupuncture needles using a stimulator, which allows for

continuous and controlled stimulation. [95] EA has been shown to have a superior effect com-

pared to MA when evaluating the cerebral blood flow and motor function. [96] However, it is unclear
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whether the EA stimulation time was the same as for MA when doing body acupuncture. There-

fore, the stimulation duration could be a confounding factor. Additionally, EA has the advantage of

controlling various parameters such as stimulation frequency and intensity. [95] Nevertheless, both

MA and EA result in physiological responses characterized by molecular signaling pathways. [94]

2.2.9 Acupuncture and Physiological Changes

After an ischemic stroke, the levels of Brain-Derived Neurotrophic Factor (BDNF) decline signifi-

cantly compared to healthy controls. [97] BDNF, the primary neurotrophin in the adult brain, plays

a critical role in synapse development, synaptic plasticity, and the preservation of cognitive abil-

ities. [98] It therefore plays a role in the pathogenesis and rehabilitation of stroke. Without further

investigation, BDNF might seem like a promising therapeutic target for stroke rehabilitation, how-

ever, challenges such as low transport rate across the BBB, off-target increase in apoptosis, and

weight loss as a side-effect encourage exploration of other interventions. [98]

Acupuncture is a safe treatment compared to prescription drugs, however, not without some ad-

verse effects such as haematoma, swelling and bruising. [99] Nevertheless, acupuncture regulates

cerebral blood flow, has anti-apoptotic effects, regulates neurochemicals, improves long-term po-

tentiation (LTP), and promotes neurogenesis. [53] Notably, ischemic rats treated with EA showed

increased expression of BDNF. [100] Similarly, a study showed that EA increased BDNF and ad-

ditionally decreased the expression of Nogo-A, an inhibitor of neurite outgrowth in the ischemic

penumbra of rats. [101] Furthermore, a clinical study showed that high Nerve Growth Factor (NGF)

serum levels were associated with better functional prognosis after 3 months of ischemic stroke

incidence. [102] NGF promotes neuronal growth and survival and plays a role in maintaining func-

tional neuronal integrity. [103] Moreover, EA significantly increased the passage of NGF through the

BBB in rats with middle cerebral artery occlusion. [104] Taken together, both BDNF and NGF play

a role in neuroplasticity after acupuncture treatment in ischemic stroke.
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Chapter 3

Neuroplasticity and Structural Changes

Neuroplasticity is the functional and structural changes of the CNS due to endogenous and ex-

ogenous stimuli in the context of development, learning, aging, and trauma. [105] These structural

changes include axon regeneration and oligodendrogenesis, which are crucial for the myelina-

tion of axons. [106] Ischemic stroke results in local and remote white matter tract degeneration. [78]

Specifically, Wallerian degeneration and diaschisis occur, which are the self-destructive degener-

ation of axonal injury and the neurophysiological changes due to neuronal deactivation, respec-

tively. [107;108]

The effects of Wallerian degeneration and diaschisis might be hindered by acupuncture, which

promotes the upregulation of synaptophysin and postsynaptic density 95 (PSD-95) in rodent mod-

els. [109] Furthermore, PSD-95 is involved in Hebbian plasticity, which refers to the synaptic changes

that code information associated with learning and memory. [110–112] Interestingly, a study published

in 2022 showed that Hebbian plasticity is not only limited to synaptic plasticity but includes myelin

plasticity. [113] Additionally, myelin plasticity affects the conduction velocity and synchronization of

signals across the brain. [114] Therefore, changes tomyelin can affect functional activity across brain

regions. Indeed, a study showed that motor function correlates with white matter structure. [115]

3.1 White Matter

White matter is the axons wrapped in an insulating plasma membrane, myelin, which connects

different brain regions. [116] It can be described by its volume and connectivity, referring to the

amount of white matter through which myelinated axons pass and the starting and ending points of
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these tracts, respectively. [117] Furthermore, in patients with right hemispheric subcortical infarcts,

needling at GB34 (Yanglingquan) resulted in the enhancement of functional connectivity between

the premotor cortex/supplementary motor area (SMA) and the supramarginal gyrus (SMG), which

are the origin and termination of the superior longitudinal fasciculus-frontoparietal part, respec-

tively. [117]

3.2 Ischemic Core versus Penumbra

Underlying the structural changes are the physiological changes that differentiate the ischemic

core from the penumbra. The ischemic core is comprised of the irreversible necrotic tissue, and

the penumbra is the reversible hypoperfused tissue extending from the potentially salvageable

core. [118] The penumbra can be salvaged by increased perfusion, which promotes neuroplasticity

via acupuncture. Interestingly, it was shown that the size of the ischemic core, but not the penum-

bra, was strongly associated with motor impairment. [119] Importantly, the authors mentioned that

the location of the penumbra, rather than its size, might affect motor impairment. When the infarct

is adjacent to major white matter tracts, multi-motor deficits can occur. A few of these major tracts

include the corpus callosum, anterior commissure, internal capsule, superior and middle longitudi-

nal fasciculus. [119] The corticospinal tract (CST) is the major descending motor pathway controlling

the voluntary movement of the limb. It originates in the precentral gyrus and descends through

the internal capsule towards the pyramids of the medulla, where decussation occurs. [120] Decus-

sation is the crossing of axonal fibers at the midline so that fibers originating on the ipsilateral side

will control motor function on the contralateral side and vice versa. [121] Whether patients present

with ipsilateral or contralateral hemiplegia or hemiparesis will depend on whether the crossing or

non-crossing fibers of the corticospinal tract are damaged. Nevertheless, to effectively predict mo-

tor outcomes in stroke patients, rigorous methods are needed to study the underlying damaged

structure and repair after intervention. A well-known method is DTI and tractography. [122]
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3.3 DTI and Tractography

Diffusion Tensor Imaging (DTI) is the modeling of Diffusion Weighted Imaging (DWI) using a dif-

fusion tensor model to indirectly measure the degree of anisotropy based on the random diffu-

sion of water molecules in tissues, known as Brownian motion. [123;124] The degree of anisotropy

might reflect a biological basis such as myelination and tissue orientation. [125] For example, water

molecules diffuse more freely in the ventricles compared to more restricted diffusion in the white

matter tracts. [126] Thus, DTI can be used to indirectly infer the WM microstructure. In detail, the

diffusion tensor model can be decomposed into eigenvectors and eigenvalues, which character-

ize the main axis and magnitude of diffusion in each voxel, respectively. Based on these values,

the following DTI metrics can be derived: Fractional anisotropy (FA), mean diffusivity (MD), radial

diffusivity (RD), and axial diffusivity (AD), where FA is a measure of the anisotropic diffusion and

ranges from 0 (isotropic) to 1 (anisotropic) diffusion (Figure 3).

In a study where ischemic stroke patients received the conventional treatment (antiplatelet ag-

gregation drugs) or the conventional treatment with acupuncture (AG), those receiving AG had

a greater improvement in motor function. [54] However, there was no significant difference in FA,

and unexpectedly, there was no correlation between FA and motor function after one month of

intervention. In contrast, another study showed a positive correlation between FA and FMA in the

frontoparietal part of the superior longitudinal fasciculus (SLF-FP) for ischemic stroke patients. [127]

Interestingly, a study showed that there was a positive correlation between motor recovery and FA

over a period of 3 months in ischemic stroke patients who did not receive acupuncture. [55] Another

study showed that there was a significant correlation between reduced FA and the affected white

matter tracts as measured by using 3D fiber tractography. [128]
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Figure 3: Diagram illustrating diffusion tensors from various brain microstructures, highlighting their impact on isotropic (p
and MD) and anisotropic (q and FA) tensor derivatives. The isotropic component, p, represents the average diffusion within a voxel,
similar to Mean Diffusivity (MD), while the anisotropic component, q, reflects directional diffusion, akin to Fractional Anisotropy (FA).
Note that the fourth image demonstrates how FA changes when white matter is damaged, such as in ischemic stroke.[119]

3.3.1 Tractography

Tractography is a method used to infer and reconstruct WM fiber pathways by mapping the tra-

jectories of voxel-wise WM fiber orientations. While voxel-wise DTI analysis investigates the WM

microstructural integrity, tractography reveals the anatomical organization of the structural con-

nectivity in the brain. [129] A recent study used diffusion tensor tractography (DTT) and showed

that electroacupuncture significantly improved FA in the corticospinal tract in stroke patients com-

pared to the control group. [130] However, it is not enough to understand the structural changes; the

functional changes should also be investigated to have a full picture of neuroplasticity in ischemic

stroke patients.
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Chapter 4

Neuroplasticity and Functional Changes

Neuroplasticity, involving the complex interplay between cellular and molecular changes, results

in neuronal activity that gives rise to functional remodelling. [131] The remodelling is characterised

by the reorganization of functional networks that compensate for the lost function in ischemic

stroke patients. It involves the enhanced activity in preexisting networks to compensate for motor

deficits. [132] To investigate the functional changes, Functional magnetic resonance imaging (fMRI)

is used.

4.1 Functional Magnetic Resonance Imaging (fMRI)

Where DTI makes use of FA to indirectly determine the microstructure, fMRI makes use of the

Blood-Oxygen-Level-Dependent (BOLD) contrast signal to indirectly determine the neuronal activ-

ity. [133] The BOLD contrast relies on the magnetic properties of haemoglobin that differ depending

on whether it is bound to oxygen, and hence it is a measure of metabolic demand. [134;135] In short,

when neurons become active, they demand more oxygen and glucose. This triggers an increase

in Cerebral Blood Flow (CBF) to the engaged brain region, delivering an excess supply of oxygen.

Because the rise in CBF outweighs the actual oxygen consumption, the proportion of oxygenated

hemoglobin increases and the concentration of deoxygenated hemoglobin decreases. [136] The

oxygenation state of hemoglobin influences the tissue-relaxation parameters, T1 and T2, which

describe how the net magnetization of tissue recovers after an RF pulse and creates contrast in

MRI images. [137] Since deoxyhemoglobin is paramagnetic, a natural contrasting agent and dis-

torts the MRI signal more than oxyhemoglobin, this shift in oxygenation alters the local magnetic
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field. [138] The MRI detects this change as the BOLD contrast. [139] The BOLD signal, recorded as

a time series for each voxel, follows the Hemodynamic Response Function (HRF), characterized

by a brief delay of about 2-6 seconds, a peak, and a gradual return to baseline, as illustrated in

Figure 4.

Figure 4: Diagram illustrating (a) the hemodynamic processes driving the blood oxygenation level-dependent (BOLD) signal,
and (b) the BOLD hemodynamic response function. In part (a), the BOLD signal arises from changes in blood flow and oxygenation.
Neural activity triggered by a stimulus increases oxygen demand, causing an initial dip in oxygenated blood as deoxyhemoglobin levels
rise briefly. This is followed by an influx of oxygenated blood, reducing deoxyhemoglobin and enhancing the BOLD signal. Part (b)
shows the BOLD response function, which captures the temporal dynamics of this signal, reflecting the initial dip and subsequent rise
in signal intensity due to the interplay of oxygenated and deoxygenated blood. [129]

In Ischemic stroke patients, the HRF presents a delay in the peak latency, which is related to

deterioration of cerebral hemodynamics. This hemodynamic lag impacts different rs-fMRI met-

rics. [140;141] Rs-fMRI is a non-invasive method to measure the spontaneous low-frequency fluctu-

ations (0.01 - 0.1 Hz) by detecting changes in the BOLD signal, while the subject is not performing

any task (i.e., ”at rest”). [142] On the other hand, task-based fMRI, measures brain activity while
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subjects perform a specific task (finger tapping, viewing images or memory tasks). The BOLD sig-

nal is analysed in relation to the timing of the task to identify regions that are associated with the

task. Rs-fMRI is preferred for studying ischemic stroke because it demands minimal effort from pa-

tients, who often experience cognitive, language, and motor impairments. [143] Requiring patients

to perform tasks can cause stress and may lead to unreliable data. Moreover, task-based fMRI

depends on the subject’s ability to perform the task well, which can introduce noise and bias. In

contrast, rs-fMRI bypasses these issues by not requiring active participation. Additionally, rs-fMRI

provides a more comprehensive view of functional connectivity across the entire brain, whereas

task-based fMRI focuses only on networks engaged by the specific task. [144] Various analytical

methods have been developed to study resting-state fMRI (rs-fMRI), each utilizing the BOLD time

series in distinct ways. One common approach is seed-based correlation analysis, in which the

average BOLD signal within a selected region of interest (ROI) is correlated with signals from

all other voxels in the brain. [145] Another widely used method is independent component analy-

sis (ICA), which requires fewer a priori assumptions and identifies spatially independent networks

by maximizing statistical independence among components. [146] A third approach involves graph-

theoretical analysis, which models the brain as a complex network in which ROIs represent nodes

and the correlations between their BOLD time series define the edges connecting them. [147]

A systematic review showed that there is a relationship between the FA and BOLD signal when

investigating the sensory and motor systems. [148] Hence, functional changes might reflect struc-

tural changes. A meta-analysis study showed that acupuncture resulted in hyperactivation of the

basal ganglia, which was associated with motor improvement. [149] Another study used machine

learning to identify ROIs that could predict motor recovery, and showed that acupuncture could

eliminate abnormal functional connectivity and modulate activity across both hemispheres in is-

chemic stroke patients. [150] Thus, acupuncture is considered to modulate functional connectivity
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between brain regions, brain networks, and hemispheres. To determine how changes to the struc-

tural organization can give rise to the emergent functional expression and how different elements

in the brain interact, graph theory is utilized. [151]
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Chapter 5

Graph Theory

The power of an experiment is only as strong as the clarity of the basic assumptions that underlie

it. [152] Assumptions are important as they directly or indirectly guide evidence, conclusions, and

the selection of methodology. This is particularly important in understanding the complexity of the

brain. The two main assumptions about the brain’s underlying neural tissue are [153]:

1. The neural tissue is continuous

2. The neural tissue is made up of ”cables” connecting different entities (neurons)

When the first assumption is made, the underlying dynamical system can be treated as a field as

shown by this equation:

𝐹 = ( ⃗𝑠, 𝑡) (1)

Here, ⃗𝑠 denotes a location in anatomical space and 𝑡 ∈ ℝ represents physical time, spanning

scales from observational to developmental and evolutionary. 𝐹 may take the form of a scalar,

vector, or tensor field, and can additionally exhibit further structure, such as symmetries. It can also

be characterized in the system’s frequency domain or phase space. For the second assumption,

the dynamics of the brain can be represented as a graph or network. The following equation is

used for a graph N:
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𝑁 = (𝑉 , 𝐸) (2)

Where V is the vertices or nodes and E is the edges or connections. Advantages of treating

the brain as a network include versatility, allowing for the understanding of network features as

statistical properties, and the ability to perturb the network. [153]

5.1 Classification of Networks

Brain graphs can be classified as directed or undirected based on whether or not there is a dis-

tinction between inward and outward connections. [154] They can further be classified as weighted

or binary, where the former takes on different values for the edges, such as size or density, that

can be used to differentiate between strong and weak connections. Many studies use unweighted

networks by thresholding a weighted network to minimize the noise level and the computational

cost. [155] However, thresholding a network is a challenge, as there is no consensus on which

method is the best. The 3 main methods used are: 1) Fixed threshold, 2) fixed average degree,

and 3) fixed edge density. [156] However, the problem that arises with these thresholding methods

includes differences in the total connectivity, irrelevant connections as the connectivity of networks

can vary, and modification of the topology. [156]

5.2 Topology

Topology refers to the arrangement of nodes and edges in a network and can be classified into

three main types: 1) Regular, 2) small-world, and 3) random [157] (Figure 5). These topological

network architectures are based on their clustering coefficient and characteristic path length. [158]

The clustering coefficient is the measure of the number of edges that exist between a node and

its nearest neighbors, whereas the characteristic path length is the minimal number of edges that

need to be traversed to form a direct connection between two nodes.
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Figure 5: Network topologies. From left to right: Regular Network (high clustering coefficient C, long characteristic path length L),
Small-World Network (high C, short L), and Random Network (low C, short L), illustrating distinct patterns of connectivity and efficiency
in complex systems. [133]

5.2.1 Small-world Network

It is commonly accepted that the brain is a small-world network. [159;160] This is due to its complex

structure across spatial and temporal scales, and its ability to maximize efficiency while mini-

mizing wiring and processing costs. [161] Small-world networks are neither random nor highly or-

dered but instead have a high clustering coefficient and short characteristic path length. [162] Such

an architecture facilitates efficient information segregation and integration at low wiring and en-

ergy costs. [158;163] Segregation, measured by using the metrics clustering coefficient and local

efficiency, refers to the specialized processing in interconnected subsystems, also known as clus-

ters, whereas integration, measured by using global efficiency and the characteristic path length,

is the effective global cooperation between different subsystems. [164;165] Small-world topological

organizations undergo changes in the context of brain disorders. Several studies have shown

abnormal functional segregation and integration in ischemic stroke patients. [166;167]

5.2.2 Network Topology in Stroke Patients

A study using functional connectivity (FC) to investigate the network organization in acute ischemic

stroke patients indicated that severely injured individuals showed high segregation but low inte-

gration. [167] Thus, a network organization that favors a state where information could easily travel

from one component to another in the same domain (intra-domain connectivity) was preferred
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among these patients. Additionally, the excessive recruitment of motor areas could indicate net-

work reorganization. Similarly, structural network analysis in 30 ischemic stroke patients showed

a decrease in integration and an increase in segregation, where the topological changes were

associated with motor impairment. [168]

Supporting this, a longitudinal study of 20 ischemic stroke patients (assessed at one-month inter-

vals) showed that small-world topology was initially similar between stroke patients and healthy

controls, although nodal properties were significantly different. [169] After one month, the recovery

in the ischemic stroke patients resulted in nodal properties that were not significantly different from

the healthy controls. A potential explanation was spontaneous recovery, however, it is not clear,

as the neural plasticity mechanisms were not investigated. Importantly, all patients received an-

tiplatelet therapy, thus, it is challenging to determine whether the effect on the network properties

was purely due to the antiplatelet, and critical interpretation of the results is necessary.

5.3 Graph-Theory-Based Measures

Global efficiency (Eg) is inversely related to the topological distance between nodes and is a

measure of how effectively information is integrated across the entire network (Figure 6). [170] G is

the network and Lij is the shortest path length between each pair of nodes i and j. N is the number

of nodes in the network.

𝐸𝑔(𝐺) = 1
𝑁(𝑁 − 1) ∑

𝑖,𝑗∈𝐺
𝑖≠𝑗

1
𝐿𝑖𝑗

Local efficiency (Eloc) indicates how effectively information is integrated between the immediate

neighbors. [171] Gi is the subgraph consisting of the neighbors of node i.
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𝐸loc(𝐺) = 1
𝑁

𝑁
∑
𝑖=1

𝐸glob(𝐺𝑖)

Clustering coefficient (Cp) is the interconnectedness of nodes with the same neighbor [172]. ki is

the number of edges by node i and 𝐸𝑖 is the number of edges existing in Gi.

𝐶𝑝(𝑖) = 1
𝑁 ∑

𝑖∈𝐺

𝐸𝑖
𝑘𝑖(𝑘𝑖−1)

2

Characteristic path length (Lp) is the average shortest path lengths across all possible pairs of

nodes in the network and reflects global integration. [158;173]

𝐿𝑝(𝐺) =
⎛⎜⎜⎜
⎝

1
𝑁(𝑁 − 1) ∑

𝑖,𝑗∈𝐺
𝑖≠𝑗

1
𝐿𝑖𝑗

⎞⎟⎟⎟
⎠

−1

Figure 6: Graph theory metrics used to characterize brain network organization in neuroimaging data. The metrics are divided
into two categories: segregation and integration, reflecting distinct aspects of network connectivity and efficiency. Segregation is
measured using clustering coefficient, local efficiency and modularity. Integration is measured by strength, and global efficiency. [149]
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5.3.1 Effect of Acupuncture on Network Topology

When the functional network parameters were investigated in ischemic stroke patients, they showed

reduced small-world topology compared to healthy controls. [174] When these stroke patients re-

ceived acupuncture, the clustering coefficient and mean local efficiency increased, while small-

worldness and global efficiency remained unchanged. While there are several studies investi-

gating the changes in structural topology in stroke patients, there are no studies specifically in-

vestigating the effect of acupuncture, let alone adjunctive acupuncture, on structural topology in

ischemic stroke.

5.4 Structural and Functional Connectivity

5.4.1 Structural Connectivity

Structural connectivity (SC) is the anatomical connections in the brain formed by white matter

tracts consisting of axons. Mathematically, it is represented as a SC adjacency matrix 𝐴 of size

𝑁2 − 𝑁 , where the entry 𝑤𝑖𝑗 represents the connection strength between elements 𝑖 and 𝑗. [175]

For 𝑁 = 4 regions, the matrix 𝐴 is given by:

𝐴 =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0 𝑤12 𝑤13 𝑤14

𝑤21 0 𝑤23 𝑤24

𝑤31 𝑤32 0 𝑤34

𝑤41 𝑤42 𝑤43 0

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(3)

– 𝑁2 = 16 total entries.

– Minus 4 self-connections: 16 − 4 = 12 possible edges.

The (−𝑁 ) is included, as self-connections are not meaningful in structural connectivity. If the

connections are undirected, then only half of the matrix is unique. The number of nodes will
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depend on the parcellation atlas used to divide the brain into ROIs. For example, the AAL116

atlas will yield a 116 by 116 matrix. [176] The cell entries represent the network edges (connections)

between pairs of nodes. An unweighted matrix will contain 0 or 1 in the cells, whereas a weighted

matrix will contain values representing the strength or quality of the connections. Common edge

strength metrics include: 1) Fractional anisotropy, 2) streamline count (number of fiber tracts),

3) mean diffusivity, 4) axial diffusivity (AD) and 5) fiber length or density. [177;178] When using the

software Tolerably Obsessive Registration and Tensor Optimization Indolent Software Ensemble

(TORTOISE) for processing DWI data, FA is a common choice for edge strength because it reflects

fiber tract integrity. [179] Complementing this is functional connectivity (FC), with notable differences

in edge values, ways of measurement, and interpretations.

5.4.2 Functional Connectivity

FC measures the statistical dependence or correlation between the activity of different brain re-

gions, based on synchronised BOLD signals. [180] Unlike SC, where edge weights represent met-

rics derived from reconstructed physical tracts, FC typically defines edge weights by computing

the Pearson correlation between regional BOLD time series. It is also mathematically represented

by matrices and captures how brain regions work together. To determine how an intervention

affects SC and how it may relate to FC, structural-functional connectivity (SC-FC) coupling can

be calculated. [181] However, the nodes should correspond between the matrices and therefore,

the same atlas should be used during the processing steps. Any thresholding methods should be

consistent and carefully chosen.

5.4.3 Structural-Functional Connectivity Coupling

Some studies have shown a direct structural-functional connectivity (SC-FC) correlation across

the brain, [182;183] but notable discrepancies remain. For example, fixed structural connections can

produce diverse functional patterns. [184] Another study showed that interhemispheric FC can be
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preserved even in the absence of major commissural fibers. [185] These findings challenge the

assumption that no anatomical pathway means no functional communication. [186]

In ischemic stroke patients, abnormal SC-FC coupling and significantly lower structural global effi-

ciency have been observed compared to healthy controls. [181] Additionally, significantly lower local

efficiency was associated with greater motor impairment. While these findings highlight the critical

role of SC-FC coupling and how it relates to motor impairment after ischemic stroke, research is

still lacking on how adjunctive acupuncture influences this relationship and its potential impact on

motor recovery. Consequently, it limits our ability to evaluate its potential role in enhancing motor

recovery via modulation of structural and functional brain connectivity.
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Problem statement

The mechanisms of adjunctive acupuncture in patients with unilateral limb dysfunction due to is-

chemic stroke remain unclear. A review of the literature indicates that the effect of adjunctive

acupuncture on structural connectivity (SC) and functional connectivity (FC), as well as the SC-

FC coupling, has not previously been examined. Furthermore, knowledge of network changes

measured using graph theory for structural connectivity data and their correlation with clinical vari-

ables is limited. This gap provides a novel avenue for research.

6.1 Hypotheses

We hypothesize that adjunctive acupuncture will modulate structural and functional networks on a

whole-brain scale in ischemic stroke patients so that it more closely resembles a small-world net-

work topology compared with pre-treatment conditions. We further hypothesize that the increased

functional brain connections will be involved in motor function. Furthermore, functional connectiv-

ity changes will reflect structural connectivity changes. Finally, we expect these neural changes

to be associated with improved motor recovery, reflected by higher FMA values in ischemic stroke

patients with unilateral limb dysfunction.

6.2 Aim and Objectives

6.2.1 Aim

To determine the effect of adjunctive acupuncture on the SC, FC, SC-FC coupling, and brain

network topology, and to assess how these measures relate to motor recovery in ischemic stroke

patients with unilateral limb dysfunction.
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6.2.2 Objectives

Objective 1: Calculate FC networks using mean correlated time series, and SC networks using

mean FA values across brain regions defined by the AAL116 atlas, before and after treatment in

ischemic stroke patients with unilateral limb dysfunction, randomized into three groups: (1) True

Acupuncture (TA), (2) TA combined with Physiotherapy (PT), and (3) PT combined with Sham

Acupuncture (SA; placebo or non-acupoint stimulation).

Objective 2: Identify and compare the functional brain connections that show significant changes

after versus before treatment, for the following groups: (1) TA, (2) TA+PT, and (3) SA+PT, and

extract the mean FA values of the corresponding connections from the SC matrices.

Objective 3: Compare the SC-FC coupling across significant brain connections in the three treat-

ment groups.

Objective 4: Compare brain network topology using graph theoretical measures in the 1) TA, 2)

TA+PT, and 3) SA+PT groups before and after treatment.

Objective 5: Evaluate the relationship between graph-theoretical measures and motor recovery,

as measured by the FMA, across the three treatment groups for both SC and FC networks.
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Methodology

7.1 Study-cohort

Nineteen right-handed male ischemic stroke patients, aged (57 ±7.51) with basal ganglia infarcts

displaying unilateral limb dysfunction were recruited from the First Teaching Hospital of Tianjin

University of Traditional Chinese Medicine.

7.1.1 Inclusion Criteria

First-time male ischemic stroke survivors with unilateral limb dysfunction following a moderate

ischemic stroke in the basal ganglia or motor cortex were recruited. Enrollment occurred within

two weeks of the stroke onset, employing WHO standards for stroke diagnosis. Eligible candi-

dates exhibited sufficient unilateral limb dysfunction, allowing them to walk using a walking frame

and perform dressing tasks independently or with assistance. Recruitment exclusively targeted

individuals eligible for a 15-session rehabilitation program (5 sessions each week for 3 weeks).

7.1.2 Exclusion Criteria

Patients presenting with intracerebral hemorrhage were not considered for inclusion. Additionally,

individuals meeting any of the following criteria were excluded from participating in the study: (1)

experiencing a stroke in the corpus callosum, (2) reliant on assistance for daily activities before

the current stroke event, (3) unable to complete the prescribed treatment regimen, (4) exhibiting

infections at acupuncture sites, (5) suffering from severe aphasia or unconsciousness that hinders

comprehension or cooperation in the study’s assessments, (6) affected by other serious complica-

tions or concurrent health conditions such as heart or renal failure, (7) having HIV-positive status
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or diabetic limbs (diabetes-affected legs or foot with complications such as neuropathy, poor circu-

lation, ulcers or infection), (8) unwillingness to undergo acupuncture or hypersensitivity to sensory

stimuli, (9) multiple stroke occurrences, (10) previously diagnosed with clinical stroke, including

minor strokes detected in the MRI obtained for the study, (11) undergoing thrombolysis and/or

thrombectomy procedures, and (12) having any metal implants.

7.2 Treatment Intervention: Adjunctive Acupuncture

The Xing Nao Kai Qiao needling method, effective for motor recovery in ischemic stroke patients,

was used. The following acupoints weremanually stimulated and included (Figure 7): PC6, GV26,

SP6, and BL40 acupoints. Electroacupuncture was used for the GB34 and GB40 acupoints, which

involved passing a small electric current between two needles inserted as electrodes, with at least

one at the acupoint. For sham acupuncture, the stimulation occurred 10 mm lateral to acupoints,

except for GV26, where stimulation was 5 mm horizontally. Deqi was achieved for true acupunc-

ture but not for sham acupuncture.
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Figure 7: Locations of the six acupoints (green oval) used in the Xing Nao Kai Qiao needling method. The acupoints PC6, GV26,
SP6, and BL40 were manually stimulated, while electroacupuncture was applied to the GB34 and GB40 acupoints. Figure adapted
from. Ma et al.[110]

7.3 Study Design

Participants were randomized into three treatment groups: 1) True Acupuncture (TA; n=5), 2) TA

and Physiotherapy (PT; n=6), and 3) PT and Sham Acupuncture (SA, a placebo or non-acupoint

acupuncture; n=8). Patients underwent 5 acupuncture and physiotherapy sessions per week for

3 weeks, resulting in 15 sessions in total conducted by an acupuncturist and physiotherapist,

respectively. The treatment groups are represented in Table 1 and involved:

– True Acupuncture (TA): Patients in this group received acupuncture stimulation 5 times per

week for 3 weeks at the six acupoints and experienced Deqi, but did not receive physiotherapy.

– TA and Physiotherapy (PT): Patients in this group received acupuncture stimulation at the six

acupoints, experienced Deqi, and also received physiotherapy for 5 sessions per week for 3

weeks.
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– PT and Sham Acupuncture (SA): Patients in this group received acupuncture stimulation at

non-acupoints (placebo or non-acupoint acupuncture), where Deqi was not expected, and also

received physiotherapy for 5 sessions per week for 3 weeks.

Table 1: Treatment design for ischemic stroke patients. Treatment regimen for patients with moderate basal ganglia infarcts and
unilateral limb dysfunction following recruitment. The regimen was administered over 4 weeks, starting at Week 0 and continuing
through Week 3. TA=True Acupuncture, SA=Sham Acupuncture, PT=Physiotherapy, PE=Physical Examination, MRI=Magnetic Res-
onance Imaging

Treatment
groups

Week 0 Week 1 Week 2 Week 3

TA (n=5) MRI+PE TA(x5) TA(x5)+PE TA(x5)+MRI+PE
TA+PT (n=6) MRI+PE TA+PT(x5) TA+PT(x5)+PE TA+PT(x5)+MRI+PE
SA+PT (n=8) MRI+PE SA+PT(x5) SA+PT(x5)+PE SA+PT(x5)+MRI+PE
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7.4 Physical Examination

7.4.1 Fugl-Meyer Assessment (FMA)

The Fugl-Meyer Assessment (FMA) is a quantitative method for measuring the recovery in hemi-

plegic stroke patients. [187] It is superior to other methods such as as the National Institutes of

Health Stroke Scale (NIHSS) because it captures the dynamic process of motor recovery and can

detect changes in response to different treatments. The FMA uses a 226-point scale divided into

5 domains: 1) motor function, 2) sensation, 3) balance, 4) joint range of motion, and 5) joint pain.

The scoring is based on direct observation of performance, with the items for each domain classi-

fied using an ordinal scale: 0: cannot perform, 1: performs partially and 2: performs fully. Scores

for each domain are calculated as follows: [187]

– Motor score: 0-100 points (66 upper extremity, 34 lower extremity).

– Sensation: 0-24 points (8 light touch, 16 position sense).

– Balance: 0-14 points (6 sitting, 8 standing).

– Joint range of motion: 0-44 points.

– Joint pain: 0-44 points.

It is important to note that the FMA is used to measure motor recovery and not functional re-

covery. [188] Motor recovery is the restoration of movement, balance, and coordination, whereas

functional recovery refers to the restoration of daily activities such as walking and eating. This

means that even if stroke patients regain motor control on one side of their body, they might not

be able to perform all functional tasks. The recruited patients underwent FMA before and after

treatment. These assessments were conducted by a physiotherapist.
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7.5 Image-and Data Acquisition

The patients were scanned and imaged on a 3T Skyra MRI (Siemens, Erlangen, Germany) before

and after treatment intervention. The DTI parameters were: (1 reference image with b=0 s/mm2

and 64 direction with b=1000 s/mm2, 70 slices, TR=8200 ms, TE=75 ms, FOV=220 mm, voxel size

2.0×2.0×2.0 mm3) with posterior-anterior (PA) phase encoding. T1-weighted structural imaging

was performed using an MPRAGE sequence (TR=2000 ms, TE=1.97 ms, flip angle=8∘, FOV=256

mm, voxel size 1.0×1.0×1.0 mm3). For rs-fMRI data, a gradient echo EPI sequence (TR = 2000

ms, TE = 30 ms, flip angle 90∘, FOV= 220 mm, voxel size 3.4x 3.4x 3.0 mm3, was used.

7.6 Functional Connectivity

7.6.1 Neuroimage Pre-processing: rs-fMRI data

Pre- and post-processing of the rs-fMRI data was performed (Figure 8) using the CONN Toolbox

(version 18.b, standalone edition for Windows), created by the Massachusetts Institute of Tech-

nology (MIT). [189] Firstly, the experiment was set up in the “Basic” window of the toolbox as follows

(Appendix A, Figure 33): Number of subjects = 19, number of sessions = 2, repetition time (TR)

= 2, acquisition type = continuous. The T1 images in NIfTI format (before data = session 1 and

after data = session 2) were imported. The same was done for the rs-fMRI data. The AAL116

atlas [176] was imported into the ROI section and assigned to all subjects (“Session-specific ROI”

instead of “Subject-specific ROI”) from which mean BOLD time series were extracted. [189] The

AAL116 atlas brain regions are shown in Appendix A (Table 25 and Figure 34). The files were

visually inspected by selecting the montage from the ”Structural Tools” and “Functional Tools”

buttons, respectively (Appendix A, Figure 35-36). CONN’s default MNI pipeline was used for

preprocessing.
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Functional and anatomical data underwent preprocessing through a extensive pipeline, [190] slice-

timing correction, outlier identification, direct segmentation, normalization toMNI space, and smooth-

ing. Susceptibility distortion correction (SDC) was not performed because no field maps were ac-

quired. In detail, functional data realignment utilized the Statistical Parametric Mapping (SPM12)

realign and unwarp method, [191] coregistering all scans to the first scan of the initial session via a

least squares approach with a 6-parameter rigid body transformation, [192] followed by resampling

with b-spline interpolation to address motion and susceptibility artifacts. To correct temporal mis-

alignment in the functional data, acquired in Siemens interleaved order, the SPM12 slice-timing

correction (STC) procedure [193;194] was applied, using sinc interpolation to align each slice’s BOLD

time series to a common mid-acquisition time point.

Potential outlier scans were detected using the Artifact Detection Tools (ART), [195] flagging ac-

quisitions with framewise displacement (FD) exceeding 0.5 mm or global BOLD signal changes

surpassing 3 standard deviations. [196;197] These flagged outlier volumes were stored as dummy

variables and automatically included in the denoising pipeline and regressed out. Thus, the vari-

ance uniquely associated with these outlier volumes was modeled and removed, without altering

the number of volumes. In CONN, motion covariates were calculated as the average maximum

framewise displacement (FD) across sessions (pre- and post-treatment) for each subject, using

raw data prior to scrubbing and denoising. FD was derived from the six motion parameters by

summing absolute differences between consecutive volumes. These covariates were later con-

trolled for at the second-level analysis to account for voxel shifts and artificial signal fluctuations.

The technique above differs from the Euclidean method for the DWI data as it uses absolute values

and not geometric distances. The Euclidean method captures translational motion, which is the

primary source of misalignment in DWI data, whereas the FD method captures translational and

rotational motion. [198] For each subject, a reference BOLD image was generated by averaging all
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scans, excluding identified outliers. Functional and anatomical data (T1 images) were normalized

into standard MNI space, segmented into grey matter, white matter, and CSF tissue classes, and

resampled to 1 mm and 2 mm isotropic voxels for the anatomical and functional data, respec-

tively (Appendix A, Figure 37-42). This was done directly after a normalization procedure [197;199]

using the SPM12 unified segmentation and normalization algorithm. [200;201] Last, functional data

were smoothed using spatial convolution with a Gaussian kernel of 6 mm full-width half maximum

(FWHM). [202] The experimental conditions were defined as shown in Table 2 and Appendix A

(Figure 43-44).

Figure 8: Processing pipeline for functional connectivity analysis using the CONN toolbox for all three groups, before and
after treatment. Groups included: TA (n=5), TA+PT (n=6), and SA+PT (n=8). Resting-state fMRI data were preprocessed with QC
to mitigate motion artifacts (e.g., blurring, ghosting). FC matrices captured time-invariant correlations between AAL116 regions, and
are exported to GRETNA for graph-theory analysis, and integrated with structural connectivity (SC) data from the same AAL116 atlas
parcellation to evaluate SC–FC coupling.
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Table 2: Experimental design for first-level functional connectivity analysis in the CONN toolbox. Pre-post setup with Session
1 (before) and Session 2 (after) data across three treatment groups: TA (n=5), TA+PT (n=6), and SA+PT (n=8).

Design Condition
Name

Session 1 Session 2

Onset Duration Onset Duration

Pre-post design Pre 0 inf – –
Post – – 0 inf

After running the pre-processing pipeline, first-level (within-subject) covariates, namely scrubbing,

realignment, and quality QC timeseries were created (Appendix A, Figure 45). Scrubbing in-

cluded outlier scans identified by ART-based scrubbing, while realignment contained the 6 rigid-

body parameters characterizing the estimated subject motion for each subject/session. Functional

data were denoised using a standard pipeline, [190] involving regression of confounding effects, in-

cluding white matter time series (5 Component-based Noise Correction (CompCor) components),

CSF time series (5 CompCor noise components), motion parameters with their first-order deriva-

tives (12 factors), [203;204] outlier scans (up to 30 factors), [196] session effects with their first-order

derivatives (2 factors), and linear trends (2 factors) within each functional run. The BOLD time

series was then subjected to bandpass filtering between 0.01 Hz and 0.1 Hz. [205] Thus, a Re-

gression followed by Band-Pass (RegBP) procedure, where band-pass filtering is done after re-

gression, was used for denoising. Linear detrending was used, but despiking was not applied, as

despiking has been shown to cause misalignment in brain volumes. [206] CompCor [207;208] noise

components within white matter and Cerebral Spinal Fluid (CSF) were estimated by computing the

average BOLD signal as well as the largest principal components orthogonal to the BOLD average,

motion parameters, and outlier scans within each subject’s eroded segmentation masks. Quality

control (Appendix A, Figure 46) showed no adjustments were needed as the denoising did a

sufficient job at removing outliers as seen in Appendix A (Figure 47). For first-level functional

connectivity analysis, the RRC (ROI-to-ROI Connectivity) was chosen to compute the ROI-to-ROI

correlation matrices between the set regions of interest. RRC matrices were estimated, charac-
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terizing the patterns of functional connectivity with 116 AAL ROIs. Functional connectivity strength

was represented by Fisher-transformed bivariate correlation coefficients from a weighted general

linear model (GLM), [190] defined separately for each pair of target areas, modeling the association

between their BOLD signal time series. To determine the significant brain connections for each

hypothesis (Appendix A, Table 26), the threshold parameters included: selected all ROIs for anal-

ysis, threshold ROI-ROI connections by intensity, one-sided (positive) and one-sided (negative)

that were thresholded at a significance level of p < 0.05 (FDR-corrected) to control for multiple

comparisons at the seed-level.

Importantly, the one-sided negative test reflected a relative reduction in correlation strength as

determined by the specified contrast (e.g., condition A > condition B), rather than an absolute

designation of the connections’ initial state (ie. BOLD anti-correlated signals) as positive or nega-

tive. [189;209;210] For example, connections that shift from positive to less positive, from negative to

less negative, or from positive to negative are considered decreased connections. The connec-

tions between ROIs in the brain were visualized using ”Display3d”. [195] A list of the 116 ROI names

was imported to display on the brain images for those connections that survived.

7.7 Structural Connectivity

7.7.1 Neuroimage Pre-processing: DWI data

Diffusion-Weighted Imaging (DWI) and T1-weighted images were acquired before and after the 15

treatment sessions. The images were converted from DICOM to NIfTI (Appendix B. 12.2.1) using

the dcm2niix tool. [211] Subjects moving during a scan could introduce motion artifacts that could

cause misaligned volumes, disrupting the consistency needed for calculating diffusion directions.

Therefore, motion was considered a potential confounder as it introduces unwanted variability that

can either obscure or mimic brain signals of interest. Motion parameters were calculated using the

mcflirt command from the FSL suite. [212] The output was a text file with the 6 degrees of freedom
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in a rigid-body transformation: 1) rotation around x-axis (pitch, in radians), 2) rotation around y-

axis (roll, in radians), 3) rotation around z-axis (yaw, in radians), 4) translation along x-axis (mm),

5) translation along y-axis (mm), 6) translation along z-axis (mm). [192] The maximum values for

each of the six motion parameters were calculated across all the volumes separately for the pre-

treatment and post-treatment data. The Euclidean norm (square root of the sum of squares) was

calculated by treating each motion parameter as contributing to a single value, the maximum total

displacement. This was done for all subjects across all groups and saved for use in statistical

analysis.

The converted images were quality-checked. No volumes were removed, as none had motion

artifacts. The images were then imported into TORTOISE using ImportNIFTI, which produced the

following four output files: 1) info file, 2) bmtxt file, 3) list file, and 4) nii file. [179] Automatic Ante-

rior Commissure-Posterior Commissure (AUTO ACPC) Detect was used to align the T1-weighted

(T1w) contrast images to the default T1 template. [213] The DIFF_PREP module was used for cor-

recting DWI artifacts such as motion and eddy current distortion. [213] Then the auto-acpc-aligned

T1w image was used as a template to reorient the T2-weighted (T2w) image to the same standard

position.

The distortion and motion-corrected (DMC) files were inspected for any interleave slice motion.

Translation along the y-axis contributed mostly to the Euclidean norm (enorm) indicated in green

(Appendix B, Figure 48). Echo-Planar Imaging (EPI) distortion correction using DR_BUDDI was

not performed as data was not acquired in both AP and PA directions. [214] Instead of using DIFF_-

CALC for tensor fitting, the fat_proc_dwi_to_dt command from the FATCAT (Functional And Trac-

tographic Connectivity Analysis Toolbox) module within AFNI was used. [215] Before proceeding,

the GradFlipTest was performed to ensure all the gradients were “flipped”, if needed, to be consis-

tent with processing in AFNI. [216] The fat_proc_dwi_to_dt command used the preprocessed DWI
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data and computed the diffusion tensor for each voxel in the brain. The T1 MRI images were

processed using the Freesurfer command, recon-all, performed by an MSc graduate, Mrs Soné

Fouché, to perform cortical reconstruction and subcortical segmentation, generating a variety of

brain volume measures. [217] The estimated total intracranial volume (eTIV) was used as a poten-

tial covariate, as differences in brain size across subjects can influence tractography results and

network analysis. For example, more WM could result in spurious longer tracts. [218] An overview

of the DTI processing pipeline is shown in Figure 9. with coding script provided in Appendix B.

7.7.2 Tractography

The network nodes or ROIs were defined using the automated anatomical labeling (AAL116) atlas,

which is in Montreal Neurological Institute (MNI) space, with brain regions defined in Appendix A

(Table 25). The output nodes were then inversely warped back to the native space of each partic-

ipant. [176] 3dTrackID was used to trace and quantify white matter fiber tracts between the prede-

fined 116 ROIs in the brain, based on diffusion tensor data obtained using fat_proc_dwi_to_dt. [215]

3dTrackID uses three modes: 1) deterministic, 2) mini-probabilistic, and 3) (full) probabilistic. The

(full) probabilistic mode was used, which utilizes the uncertainty in the estimated diffusion tensor

ellipsoids and Monte-Carlo simulations to find likely WM voxels associated with the ROI. The ter-

mination condition for the fiber tracking was kept as the default: 1) the max angle for turning when

going to a new voxel during propagation was 60∘, and 2) the threshold for the Fractional Anisotropy

(FA) map was 0.2. [219] The resulting .grid file was used in the subsequent step as it contains all

the structural connectivity matrices for the different DTI parameters (FA, MD, L1, and RD), where

quantities were mean values in each tract. The matrices for the FA parameter for all participants

were extracted and inspected to ensure that they were 116 by 116.
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Figure 9: Overview of Diffusion Tensor Imaging (DTI) processing pipeline across groups, before and after treatment. The
workflow for processing DWI data for all subjects in three treatment groups: TA (n=5), TA+PT (n=6), and SA+PT (n=8). In short
the pipeline shows DWI, T1, and T2 images were converted from DICOM to NIfTI format, quality control (QC) was performed to
identify and address any artifacts in the imaging data, the AAL116 atlas was warped to each subject’s native space for region-specific
analysis, tractography was conducted to calculate fractional anisotropy (FA) values, mapping white matter tracts. Connectivity matrices
were generated based on the tractography results, providing structural connectivity data. The connectivity matrices were used for
downstream analyses, including graph theoretical calculations and assessment of coupling strengths, performed consistently across
all subjects in the three different groups.

7.8 Graph-Theory-Based Analysis for Structural and Functional Networks

The Graph Theoretical Network Analysis (GRETNA) toolbox (v2.0.0) was used to calculate the

same graph theoretical measures for both the structural and functional connectivity matrices. [220]

The following parameters were set: 1) the sign of the network: positive, 2) thresholding method:
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network sparsity, 3) threshold sequence: 1 x 10 double, 4) network type: weighted, 5) random

network generation: 1000.

Network sparsity refers to the ratio of the number of actual edges divided by the maximum pos-

sible number of edges in a network. A positive network was chosen to negate any detrimental

effects on Test-Retest (TRT) reliability. [221] The threshold sequence specifies the range of contin-

uous threshold values applied in the analysis. The weighted network type is preferred because it

is more robust in identifying subtle network organizations compared to binary networks. Finally,

random network refers to networks generated for comparison purposes to test whether real brain

networks are significantly non-random. These random networks are created using a Markov wiring

algorithm, which preserves the same number of nodes and edges and maintains the degree dis-

tribution of the real networks. [220]

The following global network metrics were calculated: small-worldness and efficiency. For the

nodal network metrics, the clustering coefficient, shortest path length, and local efficiency were

calculated.
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7.9 Statistical analysis

7.9.1 Demographics

Between-group differences in age, framewise displacement (motion for rs-fMRI data), Euclidean

norm (motion for DWI data), and brain volume between the three groups were assessed using

one-way ANOVA (Appendix C.12.3.1-2)Within-group differences were assessed using the paired

t-test. Brain volume was quantified as the estimated total intracranial volume (eTIV), which was

reported in cubic millimeters (cm3). Fisher’s Exact Tests were conducted to examine whether

the distribution of laterality (Left vs. Right) differed across the three treatment groups, TA (n=5),

TA+PT (n=6), and SA+PT (n=8). The laterality variable was then recoded such that values of 1

and 2 corresponded to “Right” and “Left,” respectively (Appendix C, Table 27). When the infarct

side was unknown, ”0” was used.

Pairwise group comparisons were performed for the following combinations: (i) TA vs. TA+PT,

(ii) TA vs. SA+PT, and (iii) TA+PT vs. SA+PT. For each comparison, a 2 × 2 contingency table

was generated, representing the counts of Left and Right for each group. Fisher’s Exact Test

was applied to these tables to calculate the odds ratio and corresponding p-value, providing a

measure of association between treatment group and laterality (Appendix C.12.3.4). In addition,

95% confidence intervals for the odds ratios were computed using the standard log-transformation

method. In cases where any cell of the contingency table contained a zero, confidence intervals

were not estimated to avoid division-by-zero errors. A significance threshold of p ≤ 0.05 was

applied.

7.9.2 Functional Connectivity Analysis

Functional connectivity (FC) was quantified using bivariate correlation coefficients of the resting-

state time series. Differences in connectivity between conditions (e.g., pre- vs. post-intervention)

within the same subjects were assessed using a general linear model (GLM) implemented in the
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CONN Toolbox. For within-subject contrasts, the GLM employed a paired t-test framework ap-

plied to the Fisher-transformed correlation coefficients. For post-treatment between-group com-

parisons, a two-sample t-test was performed. The resulting output included T-statistics for each

ROI-to-ROI connection, along with uncorrected (p-unc) and false discovery rate-corrected (p-FDR)

p-values. Age and motion were adjusted for, and statistical analysis was performed in the CONN

Toolbox. FC matrices were extracted from the CONN toolbox, with each matrix entry represent-

ing a Fisher Z-transformed correlation coefficient between a pair of ROIs. The diagonal elements

of these matrices were NaN as a result of self-correlations. Before importing the matrices into

the GRETNA toolbox, the Fisher Z values were converted to Pearson correlation coefficients (𝑟-

values) using the inverse Fisher transformation:

𝑟 = 𝑒2𝑧 − 1
𝑒2𝑧 + 1,

where 𝑧 is the Fisher Z-transformed correlation coefficient. For statistical analysis, these r-values

were then reconverted to Fisher Z values.

𝑧 = 1
2 ln

1 + 𝑟
1 − 𝑟,

where 𝑟 represents the Pearson correlation coefficient. This procedure ensured that the diagonal

elements were no longer NaN and also helped approximate a more normal distribution of the

connectivity values, which is desirable for parametric statistical analyses. [222] This was performed

in MATLAB R2018a (v. 9.4.0.813654, MathWorks, Natick, MA, USA) (Appendix C.12.3.5-6).

7.9.3 Structural Connectivity Analysis

The structural connectivity (SC) matrices obtained from the 3dTrackID analysis were used to ex-

tract mean FA values. The selection of these regions was not exploratory but rather hypothesis-
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driven, guided by the significant functional connections identified in the CONN toolbox. In other

words, the SC analysis focused only on the regions associated with the FC results, and no ad-

ditional exploratory statistical tests were conducted on the SC matrices to independently identify

significant brain regions. For each treatment group, FA values of all subjects were first aligned

by connection and then averaged. Specifically, connections were grouped within each treatment

arm (TA, TA+PT, SA+PT), and the arithmetic mean of the FA values was computed separately for

the pre-treatment (“Before”) and post-treatment (“After”) conditions. These group-averaged val-

ues were then used to populate the symmetric adjacency matrices, providing a representation of

the mean structural connectivity strength between brain regions for each group before and after

treatment (Appendix C.12.3.7)

7.9.4 Structural-Functional Connectivity Coupling

The statistical analysis was conducted to evaluate the relationship between SC, expressed as FA

values, and FC, expressed as Fisher Z-transformed correlation coefficients. Importantly, the abso-

lute Fisher Z-values were used as raw rs-fMRI data might show anti-correlations (not investigated

in this study). For each subject, SC and FC values were extracted for the same 13 brain region

connections that had been identified as significant in the FC analysis and involved in the 5 FMA

domains: 1) motor function, 2) sensation, 3) balance, 4) joint range of motion, and 5) joint pain.

Pearson correlation analyses were then performed separately for each treatment group, TA (n=5),

TA+PT (n=6), SA+PT (n=8), and for each time point (pre-treatment and post-treatment). Impor-

tantly, no averaging across subjects or connections was performed; instead, the raw subject-level

values were used directly. This means that each scatter plot contained one point per connection

per subject, resulting in a total of 13 data points for each subject (Appendix C.12.3.8 and Figure

51-52). Consequently, each Pearson correlation analysis was based on 65 data points for the
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TA group (13 connections × 5 subjects), 78 data points for the TA+PT group (13 connections × 6

subjects), and 104 data points for the SA+PT group (13 connections × 8 subjects).

For each group and time point, linear regression lines were fitted to the data, and Pearson’s corre-

lation coefficient (r) together with its associated p-value were calculated to assess the strength and

statistical significance of the SC–FC relationship. A p-value of ≤ 0.05 was considered statistically

significant.

7.9.5 Graph Theoretical Measurements

Graph measures were compared before and after treatment for the three independent groups, TA

(n=5), TA+PT (n=6), and SA+PT (n=8) in both the SC and FC data. For the SC data, the following

covariates were considered: Side, age, motion, and brain volume. For the FC data, the following

covariates were considered: Side, age, and motion. Brain volume was not chosen as a potential

covariate for the FC data, as rs-fMRI data were normalized to MNI space, aligning brain volumes

across subjects and ensuring the region-based BOLD signal is comparable. Although several co-

variates showed significant associations with the dependent variables after the Pearson correlation

analysis, motion was prioritized for the SC and FC data (Appendix C. 12.3.9-12). This decision

reflects the fact that, despite being addressed during preprocessing, motion effects are not fully

eliminated and residual artifacts can persist, potentially biasing the final results. [223] Although over-

all head motion was minimal across the five motion parameters for DWI data, translation along the

y-axis (in mm) showed the greatest variability and contributed most to the Euclidean norm (Ap-

pendix B, Figure 48). Only the motion covariate was chosen, as the sample size was very small,

and including multiple covariates could reduce the statistical power and increase the chance of

multicollinearity. [224] Repeated-measures ANCOVA was used to adjust for motion within groups,

where motion was defined as the mean of pre- and post-treatment values, since motion did not

significantly change after treatment compared to baseline in the DWI data (Table 3). One-way
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ANCOVA was used for between-group analysis, with pre-treatment motion values from the DWI

data included as a covariate for baseline comparisons and post-treatment motion values included

for follow-up comparisons (after treatment). For functional graph measures, the same motion co-

variates obtained from the CONN toolbox were used for within and between-group analysis. Given

the influence of age on brain networks, [225] age was included as a covariate in the GLM to control

for its effects when identifying significant functional connections in the CONN toolbox.

The following assumptions of ANCOVA were tested first: normality, linearity, homogeneity of re-

gression slopes, homogeneity of variance, andmulticollinearity. [226] The assumption of homogene-

ity of regression slopes was violated for some of the dependent variables (Appendix C.12.3.13-

14); however, ANCOVA was still used with the severity of the violation discussed in the limitations

section. [227] The t-test for pairwise comparisons of adjusted means (post-ANCOVA) was used for

significant between-group differences (p-value ≤0.05) to determine exactly where the differences

occurred. [228] Importantly, the winsorized data were used for statistical analysis due to the small

sample size. Winsorization is a procedure that reduces the influence of extreme values (out-

liers) by replacing the most extreme data points with the nearest values that fall within a specified

range. [229] Specifically, values below the lower bound are set to the lower bound, and values above

the upper bound are set to the upper bound (Appendix C.12.3.15). In this study, the lower bound

was defined as 𝑄1 − 1.5 × IQR and the upper bound as 𝑄3 + 1.5 × IQR, where 𝑄1 and 𝑄3 are the

first and third quartiles, and IQR is the interquartile range (𝑄3 − 𝑄1). This approach preserves the

rank order of most data points while limiting the impact of extreme values on statistical analyses.

It was also used to preserve the sample size, as the groups were small: TA (n=5); TA+PT (n=6);

SA+PT (n=8), and removing outliers would have further reduced statistical power.
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7.9.6 Correcting for Multiple Comparisons

Pairwise Sidak tests were used as a post-hoc test to correct for multiple comparisons. Sidak was

chosen as it is a more robust test for small sample sizes and less conservative than the Bonferroni

test. [230] Pairwise Sidak tests were applied for all statistical analyses, while p-FDR correction was

used to account for multiple comparisons in the GLM when identifying significant functional brain

connections.

For all analyses, the raw data were plotted instead of the winsorized data. Mean values with

standard deviations (SD), standard error of the mean (SEM), and effect sizes, and p-values were

recorded for all statistical analyses. For ANCOVA, three different p-values were recorded: the p-

unadj (before adjusting for motion), p-adj (after adjusting for motion), and p-Sidak (after adjusting

for motion and correcting for multiple comparisons). The effect size for ANCOVA was recorded

as partial eta-squared (𝜂2𝑝) and for ANOVA as eta-squared (𝜂2). For pairwise comparisons, the

effect sizes, absolute Cohen’s d and Hedge’s g (correcting for small sample size) was provided.

Statistically significant p-values were shown in bold in the tables.

7.9.7 Pearson Correlations of FMA with Graph Measures

Pearson correlation was used to investigate the relationship between FMA and the structural and

functional graph measures, respectively. Due to the small sample size, the pre-treatment and

post-treatment data were pooled together to increase the effective sample size and obtain a more

reliable estimate of the correlations between graph measures and FMA scores. The paired t-test

was used for within-group analysis to compare the pre-treatment and post-treatment FMA scores.

The FMA post-treatment results were compared between the three different groups using ANOVA.

The effect size, Cohen’s d was recorded as an absolute value where the T-statistic gave the di-

rection of the effect. All statistical analysis and generation of figures were done in Google Colab
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(Python 3.10, Google LLC, Mountain View, CA, USA), with the code script in Appendix C.12.3.16-

17.

All mean values in the tables were reported to three significant figures, with the corresponding

standard deviation (SD) and standard error of the mean (SEM) rounded to the same number of

decimal places as the mean. Descriptive statistics such as p-values were generally reported to

two decimal places, unless the second decimal place did not represent a significant digit.
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Chapter 8

Results

Age showed significant differences between the three treatment groups (F = 5.81, 𝜂2 = 0.42, p

= 0.01): TA, TA+PT and SA+PT (Table 3), with the highest mean value observed in the TA+PT

group (mean ± SD (SEM): 63.83 ±5.49 (2.24)) followed by the SA+PT group (54.75 ±6.67 (2.36))

and the lowest value observed in the TA group (52.40 ±5.59 (2.50)). A total of 42% (𝜂2) of the

age variance was explained by the treatment group, showing a large effect, with the F statistic

greater than 3, indicating that most of the variance was explained by the treatment group with

minimal unexplained variance. FMA between groups, pre-treatment before) was not significantly

different (F= 0.34, 𝜂2 = 0.04, p = 0.72). For FMA, the analysis between groups (post-treatment

comparisons) did not show significant differences (F = 1.02, 𝜂2 = 0.11, p = 0.38). In contrast, all

within-group comparisons showed significant differences (p≤ 0.05) with FMA after treatment being

higher compared to before treatment, as indicated by a negative t-statistic (Table 3). The effect

was small for the TA+PT (t = −6.23) and SA+PT (t = −6.23) groups, but medium for the TA group

(t = −14.06). For structural connectivity data, the Euclidean norm (motion) and brain volume were

compared between groups. Both showed no statistical significance between the groups (p = 0.83

and 0.40, respectively). Within-group analysis also showed no statistically significant difference

between the Euclidean norm post-treatment compared to pre-treatment.

Framewise displacement (motion) was adjusted for functional connectivity data, which was not

statistically significant (t = 0.53, 𝜂2 = 0.06, p = 0.60). The infarct hemisphere (side) did not show

significant differences between the groups (Table 4). The number of patients with left infarcts in the
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SA+PT and TA group was equal (n = 2). The low odds ratio (OR) in the SA+PT group compared

to the TA group (OR = 0.40, p = 0.58, CI: [0.03,5.15]) was due to the high number of right infarcts

compared to left infarcts. The odds of a left infarct in the SA+PT group compared to the TA+PT

group was very small (OR = 0.08, p = 0.10, CI: [0.01, 1.19]). Finally, the odds of a left infarct in

the TA group were 20% of those in the TA+PT group and not statistically significant, meaning that

the observed difference could easily be due to chance, given the small sample size (OR = 0.20, p

= 0.5, CI: [0.01, 3.66]).
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Table 3: Structural and functional demographic data across ischemic stroke study groups. This table presents between-group and within-group differences for structural and
functional data across three groups: TA (n=5), TA+PT (n=6), SA+PT (n=8). It includes variables such as brain volume, age, Fugl-Meyer Assessment (FMA), and motion, with mean ±
standard deviation (SD) and standard error of the mean (SEM) for each group. Statistical metrics include p-values, Eta-squared (𝜂2), F-statistics for between-group comparisons, and
absolute Cohen’s d and T-statistics for within-group comparisons (before vs. after treatment). Note: Framewise displacement is a motion variable for rs-fMRI, and the Euclidean norm, a
motion variable for DWI data. A p-value of ≤ 0.05, was considered statistically significant.

Variables
TA (n=5)

Mean ± SD (SEM)

TA+PT (n=6)

Mean ± SD (SEM)

SA+PT (n=8)

Mean ± SD (SEM)
p-value 𝜂2 F-statistic

Between-group differences

Age 52.40 ± 5.59 (2.50) 63.83 ± 5.49 (2.24) 54.75 ± 6.67 (2.36) 0.01 0.42 5.81

FMA (before) 20.80 ± 0.84 (0.37) 19.17 ± 4.71 (1.92) 19.00 ± 4.63 (1.64) 0.72 0.04 0.34

FMA (after) 29.00 ± 1.22 (0.55) 30.00 ± 2.90 (1.18) 26.62 ± 6.37 (2.25) 0.38 0.11 1.02

Euclidean norm (mm) 4.38 ± 1.26 (0.56) 3.92 ± 1.71 (0.70) 3.96 ± 1.22 (0.43) 0.83 0.02 0.18

Framewise

displacement (mm)

2.78 ± 3.19 (1.43) 1.61 ± 1.05 (0.43) 1.78 ± 1.65 (0.58) 0.60 0.06 0.53

Brain volume (cm3) 1487.67 ± 106.62

(47.68)

1425.95 ± 83.39

(34.05)

1517.16 ± 148.88

(52.64)

0.40 0.11 0.98
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Group
Before

Mean ± SD (SEM)

After

Mean ± SD (SEM)
p-value |Cohen’s d| T-statistic

Within-group differences

FMA

TA (n=5) 20.80 ± 0.84 (0.37) 29.00 ± 1.22 (0.55) 0.000 6.29 -14.06

TA+PT (n=6) 19.17 ± 4.71 (1.92) 30.00 ± 2.90 (1.18) 0.001 2.54 -6.23

SA+PT (n=8) 19.00 ± 4.63 (1.64) 26.62 ± 6.37 (2.25) 0.000 2.20 -6.23

Euclidean norm (mm)

TA (n=5) 4.55 ± 1.86 (0.83) 4.21 ± 1.27 (0.57) 0.71 −0.176 −0.39

TA+PT (n=6) 3.74 ± 1.67 (0.68) 4.09 ± 1.85 (0.76) 0.38 0.39 0.95

SA+PT (n=8) 3.60 ± 1.05 (0.37) 4.32 ± 1.51 (0.53) 0.055 0.81 2.30
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Table 4: Group comparisons of hemispheric infarcts. This table presents comparisons between groups: TA (n=5), TA+PT (n=6)
and SA+PT (n=8) based on the number of subjects with left and right hemispheric infarcts. The Fisher’s Exact test was used for each
comparison (TA vs TA+PT, TA vs SA+PT, TA+PT vs SA+PT). The table includes the count of subjects with left and right infarcts, along
with statistical metrics: p-value, Odds Ratio, and 95% Confidence Interval. A p-value of ≤ 0.05 was considered statistically significant.

Group Left Right p-value Odds Ratio 95% CI

TA vs TA+PT

TA 2 2 0.50 0.20 [0.01, 3.66]
TA+PT 5 1

TA vs SA+PT

SA+PT 2 5 0.58 0.40 [0.03, 5.15]
TA 2 2

TA+PT vs SA+PT

SA+PT 2 5 0.10 0.08 [0.01, 1.19]
TA+PT 5 1

Note: Patients with unknown (0) infarcts were not included, thus the TA group only has 4 subjects and the SA+PT group only 7. Patient
3 and Patient 19’s brain infarct was unknown as seen in Appendix C (Table 24).

8.1 Functional Connectivity

8.1.1 Within-group differences

To investigate the hypothesis (After > Before) that specifies that post-treatment yields significant

functional brain connections compared to pre-treatment in the different groups: TA(n=5), TA+PT

(n=6), and SA+PT (n=8), the CONN Toolbox was used. For the TA group, the following significantly

increased functional connections (p-value < 0.05) were observed, post-treatment (Figure.10.a):

Vermis_7 to Caudate_R, Vermis_7 to Thalamus_R and Hippocampus_R to Temporal_Inf_R (Ta-

ble 5). However, significantly decreased connections were also observed (Figure.10.b). The

decreased functional brain connections included the Supp_Motor_Area_L to the following brain

regions: Heschl_L, R; Thalamus_R; Temporal_Sup_L, R; Rolandic_Oper_R, L, and the Cere-

belum_7b_R to Cerebelum_8_L. Thus, these regions were significantly increased before treat-

ment compared to post-treatment. Importantly, the hypothesis (After > Before) vs. (Before >

After) informs which connections are classified as increased or decreased, making this classifica-
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tion relative rather than indicating whether the raw data showed positive or negative mean time

series, which were not investigated in the present study. For the TA+PT group, only the Insula_R

to Vermis_1_2 (t=4.37, p-unc=0.0002, p-FDR=0.0276) showed a significantly increased functional

connection (Figure.11.a and Table 6), while multiple significantly decreased connections were

also observed (p-value< 0.05): Temporal_Pole_Mid_L to Frontal_Sup_L, Frontal_Sup_Medial_R,

Cerebelum_7b_L; Amygdala_L to Frontal_Sup_Orb_L, R and Temporal_Mid_L to Vermis_7 (Fig-

ure.11.b). For the SA+PT group, the following significantly increased brain connections were ob-

served: Amygdala_L to Frontal_Sup_Orb_R, Frontal_Mid_Orb_R, Frontal_Sup_R; Amygdala_R

to Frontal_Sup_R, L, Cerebelum_Crus2_L, Frontal_Sup_Medial_R, Cerebelum_6_R; Supp_Mo-

tor_Area_L to Frontal_Sup_Orb_L, Fusiform_L, R; Frontal_Sup_R to Temporal_Pole_Mid_L and

Olfactory_L (Figure.12.a and Table 7). The only decreased connection was the ParaHippocam-

pal_R to Cerebelum_10_L (t=-6.25, p-unc<0.0001, p-FDR=0.0007) (Figure.12.b).
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(a) (b)

Figure 10: Significant changes in brain functional connectivity post-treatment in the TA group, depicted in two 3D superior
view representations. (a) Red Connections: Illustrates significant increases in functional connectivity, with spheres representing
brain regions (defined by the AAL116 atlas) color-coded according to the T-statistic color bar. (b) Blue Connections: Shows significant
decreases in functional connectivity, with brain regions similarly color-coded. In both images, lines connecting spheres indicate signif-
icant connections (p-value < 0.05) but are not color-coded by T-statistic values. The names of the involved brain regions are listed at
each node in the image. A color bar indicates the T-statistic values for the color-coding of brain regions.

Table 5: Significantly increased and decreased functional connections be-
tween brain regions of interest (ROIs) were identified using a paired t-test
on Fisher-transformed bivariate correlation coefficients derived from a gen-
eral linear model (GLM), post-treatment compared to pre-treatment in the TA
Group. The connected brain regions (defined by the AAL116 atlas) are listed, along
with their corresponding T-statistic, p-uncorrected (p-unadj) and p-FDR (False Dis-
covery Rate-corrected) values. A p-value < 0.05 was considered statistically signif-
icant.

Connection T-statistics p-unc p-FDR

Increased Connections
Vermis_7-Caudate_R 4.38 0.0002 0.0218
Vermis_7-Thalamus_R 4.15 0.0004 0.0218
Hippocampus_R-Temporal_Inf_R 4.35 0.0002 0.0286

Decreased Connections
Supp_Motor_Area_L-Heschl_L −5.20 0.0000 0.0051
Cerebelum_7b_R-Cerebelum_8_L −4.87 0.0001 0.0098
Supp_Motor_Area_L-Heschl_R −4.30 0.0003 0.0157
Supp_Motor_Area_L-Thalamus_R −3.92 0.0006 0.0209
Supp_Motor_Area_L-Temporal_Sup_L −3.84 0.0007 0.0209
Supp_Motor_Area_L-Rolandic_Oper_R −3.47 0.0016 0.0361
Supp_Motor_Area_L-Rolandic_Oper_L −3.36 0.0020 0.0378
Supp_Motor_Area_L-Temporal_Sup_R −3.20 0.0028 0.0459
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(a) (b)

Figure 11: Significant changes in brain functional connectivity post-treatment in the TA+PT group, depicted in two 3D supe-
rior view representations. (a) Red Connections: Illustrates significant increases in functional connectivity, with spheres representing
brain regions (defined by the AAL116 atlas) color-coded according to the T-statistic color bar. (b) Blue Connections: Shows significant
decreases in functional connectivity, with brain regions similarly color-coded. In both images, lines connecting spheres indicate sig-
nificant connections (p-value < 0.05) but are not color-coded by T-statistic values. The names of the involved brain regions are listed
alongside each image. A color bar indicates the T-statistic values for the color-coding of brain regions.

Table 6: Significantly increased and decreased functional connections between brain
regions of interest (ROIs) were identified using a paired t-test on Fisher-transformed
bivariate correlation coefficients derived from a general linear model (GLM), post-
treatment compared to pre-treatment in the TA+PT Group. The connected brain re-
gions (defined by the AAL116 atlas) are listed, along with their corresponding T-statistic,
p-uncorrected (p-unadj) and p-FDR (False Discovery Rate-corrected) values. A p-value <
0.05 was considered statistically significant.

Connection T-statistics p-unc p-FDR

Increased Connection
Insula_R-Vermis_1_2 4.37 0.0002 0.0276

Decreased Connections
Temporal_Mid_L-Vermis_7 −4.79 0.0001 0.0114
Amygdala_L-Frontal_Sup_Orb_L −4.27 0.0003 0.0325
Amygdala_L-Frontal_Sup_Orb_R −3.96 0.0006 0.0325
Temporal_Pole_Mid_L-Frontal_Sup_L −3.84 0.0007 0.0343
Temporal_Pole_Mid_L-Frontal_Sup_Medial_R −3.75 0.0009 0.0343
Temporal_Pole_Mid_L-Cerebelum_7b_L −3.74 0.0009 0.0343
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(a) (b)

Figure 12: Significant changes in brain functional connectivity post-treatment in the SA+PT group, depicted in two 3D supe-
rior view representations. (a) Red Connections: Illustrates significant increases in functional connectivity, with spheres representing
brain regions (defined by the AAL116 atlas) color-coded according to the T-statistic color bar. (b) Blue Connections: Shows signifi-
cant decreases in functional connectivity, with brain regions similarly color-coded. In both images, lines connecting spheres indicate
significant connections (p-value < 0.05) but are not color-coded by T-statistic values. The names of involved brain regions are listed
alongside each image. A color bar indicates the T-statistic values for the color-coding of brain regions.
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Table 7: Significantly increased and decreased functional connections between
brain regions of interest (ROIs) were identified using a paired t-test on Fisher-
transformed bivariate correlation coefficients derived from a general linear
model (GLM), post-treatment compared to pre-treatment in the SA+PT Group.
The connected brain regions (defined by the AAL116 atlas) are listed, along with their
corresponding T-statistic, p-uncorrected (p-unadj) and p-FDR (False Discovery Rate-
corrected) values. A p-value < 0.05 was considered statistically significant.

Connection T-statistics p-unc p-FDR

Increased Connections

Amygdala_L-Frontal_Sup_Orb_R 4.79 0.0001 0.0089

Amygdala_L-Frontal_Mid_Orb_R 4.42 0.0002 0.0089

Amygdala_L-Frontal_Sup_R 4.38 0.0002 0.0089

Frontal_Sup_R-Amygdala_R 4.04 0.0005 0.0273

Amygdala_R-Frontal_Sup_L 3.79 0.0008 0.0293

Amygdala_R-Cerebelum_Crus2_L 3.73 0.0009 0.0293

Amygdala_R-Frontal_Sup_Medial_R 3.68 0.0010 0.0293

Supp_Motor_Area_L-Frontal_Sup_Orb_L 3.98 0.0005 0.0336

Supp_Motor_Area_L-Fusiform_L 3.94 0.0006 0.0336

Supp_Motor_Area_L-Fusiform_R 3.70 0.0010 0.0370

Angular_R-Cerebelum_6_R 4.17 0.0004 0.0418

Frontal_Sup_R-Temporal_Pole_Mid_L 3.62 0.0012 0.0445

Frontal_Sup_R-Olfactory_L 3.43 0.0017 0.0492

Decreased Connection

ParaHippocampal_R-Cerebelum_10_L −6.25 0.0000 0.0007

8.1.2 Between-group differences

To determine which brain regions were significantly different between the treatment groups, post-

treatment, the following hypotheses were tested: 1) SA+PT > TA, 2) TA+PT > SA+PT and 3)

TA+PT > TA. For the first hypothesis, functional connections in the SA+PT group significantly de-

creased compared to the TA group, post-treatment, with no significantly increased connections

observed (Figure 13). The decreased brain regions included: Rectus_R and Cerebelum_6_L,

Cerebelum_10_L and Parietal_Inf_L, Cerebelum_10_L and Amygdala_R, Cerebelum_6_L and

Rectus_L, Hippocampus_R and Temporal_Inf_R, Cerebelum_Crus1_R and Cerebelum_4_5_L,

Cerebelum_10_L and Parietal_Sup_L, Cerebelum_10_L and Cerebelum_8_L, as well as between
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the Parietal_Inf_L and Cerebelum_10_L (Table 8). The second hypothesis showed predomi-

nantly increased functional connections: Cerebelum_Crus2_L and Frontal_Mid_L, Cerebelum_-

Crus2_L and Frontal_Inf_Tri_L, Frontal_Mid_L and Cerebelum_Crus2_L, Cerebelum_Crus2_L

and Frontal_Inf_Oper_L, Frontal_Inf_Oper_L and Cerebelum_9_R, Vermis_9 and Vermis_3, Ver-

mis_9 and Vermis_6, Vermis_3 and Putamen_L, Cerebelum_9_R and Paracentral_Lobule_L, as

well as between the Caudate_R and Temporal_Inf_R (Table 9). The only significantly decreased

connection involved the Olfactory_L and Angular_L. The third hypothesis revealed that the TA+PT

group exhibited significantly increased functional connectivity compared to the TA group, involving

the Vermis_6 and Pallidum_L, Cerebelum_Crus2_L and Frontal_Inf_Oper_L, as well as the Cere-

belum_Crus2_L and Frontal_Inf_Tri_L (Figure 15 and Table 10). The significantly decreased con-

nections were between the Temporal_Sup_L and Amygdala_L, Cerebelum_6_L and Cerebelum_-

Crus1_L, Cerebelum_6_L and Cerebelum_Crus2_L, Cerebelum_Crus1_L and Cerebelum_6_L,

Amygdala_L and Temporal_Mid_L, Cerebelum_Crus2_L and Cerebelum_6_L, as well as between

the Cerebelum_6_L and Cerebelum_Crus1_R.
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Figure 13: Significantly decreased brain functional connectivity in the SA+PT group compared to the TA group, post-treatment.
The 3D superior view illustrates the decreased (blue lines) functional connections between regions of interest (AAL116 atlas). Spheres
represent brain regions color-coded according to their T-statistic values. Lines indicate significant pairwise connections (p-value <
0.05). A color bar denotes the T-statistic range for the color-coded nodes. The names of the involved brain regions are listed alongside
the figure.

Table 8: Significantly decreased functional connections between the SA+PT
and TA groups, post-treatment, identified using a two-sample t-test on Fisher-
transformed correlation coefficients derived from a GLM. The connected brain
regions (defined by the AAL116 atlas) are listed, along with their corresponding T-
statistic, p-uncorrected (p-unadj) and p-FDR (False Discovery Rate-corrected) val-
ues. A p-value < 0.05 was considered statistically significant.

Connection T-statistic p-unc p-FDR

Rectus_R–Cerebelum_6_L −4.53 0.0002 0.0229

Cerebelum_10_L–Parietal_Inf_L −4.15 0.0004 0.0251

Cerebelum_10_L–Amygdala_R −4.14 0.0004 0.0251

Cerebelum_6_L–Rectus_L −4.11 0.0005 0.0267

Hippocampus_R–Temporal_Inf_R −4.32 0.0003 0.0352

Cerebelum_Crus1_R–Cerebelum_4_5_L −4.21 0.0004 0.0431

Cerebelum_10_L–Parietal_Sup_L −3.59 0.0013 0.0444

Cerebelum_10_L–Cerebelum_8_L −3.52 0.0015 0.0444

Parietal_Inf_L–Cerebelum_10_L −4.15 0.0004 0.0490
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(a) (b)

Figure 14: Significant changes in brain functional connectivity in the TA+PT group compared to the SA+PT group, post-
treatment depicted in two 3D superior view representations. (a) Red Connections: Illustrates significant increases in functional
connectivity, with spheres representing brain regions (defined by the AAL116 atlas) color-coded according to the T-statistic color bar.
(b) Blue Connections: Shows significant decreases in functional connectivity, with brain regions similarly color-coded. In both images,
lines connecting spheres indicate significant connections (p-value < 0.05) but are not color-coded by T-statistic values. The names
of the involved brain regions are listed alongside each image. A color bar indicates the T-statistic values for the color-coding of brain
regions.
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Table 9: Significantly increased and decreased functional connections in the
TA+PT group compared to the SA+PT group, post-treatment, identified using
two-sample t-test on Fisher-transformed correlation coefficients derived from
a general linear model (GLM). The table lists the brain region pairs (AAL116 atlas),
their corresponding T-statistics, uncorrected (p-unc), and FDR-corrected (p-FDR) p-
values. A p-value < 0.05 was considered statistically significant.

Connection T-statistic p-unc p-FDR

Increased Connections

Cerebelum_Crus2_L–Frontal_Mid_L 4.78 0.0001 0.0091

Cerebelum_Crus2_L–Frontal_Inf_Tri_L 4.64 0.0002 0.0091

Frontal_Mid_L–Cerebelum_Crus2_L 4.78 0.0001 0.0141

Cerebelum_Crus2_L–Frontal_Inf_Oper_L 4.03 0.0005 0.0209

Frontal_Inf_Oper_L–Cerebelum_9_R 4.02 0.0006 0.0319

Vermis_9–Vermis_3 4.00 0.0006 0.0389

Vermis_9–Vermis_6 3.92 0.0007 0.0389

Vermis_3–Putamen_L 3.85 0.0008 0.0449

Cerebelum_9_R–Paracentral_Lobule_L 3.85 0.0008 0.0456

Caudate_R–Temporal_Inf_R 4.18 0.0004 0.0460

Decreased Connections

Olfactory_L–Angular_L −4.33 0.0003 0.0340
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(a) (b)

Figure 15: Significant changes in brain functional connectivity in the TA+PT group compared to the TA group, post-treatment
depicted in two 3D superior view representations. (a) Red Connections: Illustrates significant increases in functional connectivity,
with spheres representing brain regions (defined by the AAL116 atlas) color-coded according to the T-statistic color bar. (b) Blue
Connections: Shows significant decreases in functional connectivity, with brain regions similarly color-coded. In both images, lines
connecting spheres indicate significant connections (p-value < 0.05) but are not color-coded by T-statistic values. The names of the
involved brain regions are listed alongside each image. A color bar indicates the T-statistic values for the color-coding of brain regions.
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Table 10: Significantly increased and decreased functional connections in the
TA+PT group compared to the TA group, post-treatment, identified using two-
sample t-tests on Fisher-transformed correlation coefficients derived from a
general linear model (GLM). The table lists the brain region pairs (AAL116 atlas),
their corresponding T-statistics, uncorrected (p-unc), and FDR-corrected (p-FDR) p-
values. A p-value < 0.05 was considered statistically significant.

Connection T-statistic p-unc p-FDR

Increased Connections

Vermis_6–Pallidum_L 4.42 0.0002 0.0284

Cerebelum_Crus2_L–Frontal_Inf_Oper_L 4.01 0.0006 0.0343

Cerebelum_Crus2_L–Frontal_Inf_Tri_L 3.99 0.0006 0.0343

Decreased Connections

Temporal_Sup_L–Amygdala_L −4.74 0.0001 0.0151

Cerebelum_6_L–Cerebelum_Crus1_L −4.51 0.0002 0.0175

Cerebelum_6_L–Cerebelum_Crus2_L −4.32 0.0003 0.0175

Cerebelum_Crus1_L–Cerebelum_6_L −4.51 0.0002 0.0240

Amygdala_L–Temporal_Mid_L −3.98 0.0006 0.0344

Cerebelum_Crus2_L–Cerebelum_6_L −4.32 0.0003 0.0351

Cerebelum_6_L–Cerebelum_Crus1_R −3.70 0.0011 0.0414

8.2 Structural Connectivity

The brain region connections identified from the within-group hypotheses during functional con-

nectivity analysis, directly involved in the 5 domains of the FMA, were further investigated. The

brain regions were: Supp_Motor_Area_L-Thalamus_R , Supp_Motor_Area_L-Rolandic_Oper_R

, Supp_Motor_Area_L-Rolandic_Oper_L, Vermis_7-Caudate_R , Cerebelum_7b_R-Cerebelum_-

8_L, Vermis_7-Thalamus_R , Insula_R-Vermis_1_2 , Temporal_Mid_L-Vermis_7, Amygdala_L-

Frontal_Sup_Orb_L, Amygdala_L-Frontal_Sup_Orb_R, Amygdala_R-Frontal_Sup_Orb_L, Amyg-

dala_R-Frontal_Sup_Orb_R, Amygdala_L-Frontal_Mid_Orb_R. The mean FA was extracted from

the SC matrices corresponding to these brain connections and represented in adjacency matrices

(Figures 16-18).

Qualitatively, the structural brain connections showed noticeable changes post-treatment com-

pared to pre-treatment. In the TA group, all brain connections increased except for the Supp_-
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Motor_Area_L-Rolandic_Oper_L, Supp_Motor_Area_L-Rolandic_Oper_R and the Amygdala_L-

Frontal_Mid_Orb_R which decreased post-treatment, while all the other connections involving the

amygdala showed little to no changes (Figure 16). For the TA+PT group all brain connections

did not show noticeable changes post-treatment compared to pre-treatment, except for the In-

sula_R-Vermis_1_2 and the Temporal_Mid_L-Vermis_7, which decreased post-treatment, while

the Cerebelum_7b_R-Cerebelum_8_L and Vermis_7-Caudate_R increased post-treatment (Fig-

ure 17). For the SA+PT group, all brain connections decreased except for the Supp_Motor_Area_-

L-Rolandic_Oper_L, the Amygdala_L-Frontal_Sup_Orb_R, and Amygdala_R-Frontal_Sup_Orb_-

L that showed no noticeable changes post-treatment compared to pre-treatment (Figure 18). Ad-

ditionally, the Temporal_Mid_L-Vermis_7 increased post-treatment compared to pre-treatment.

The lowest FA value observed in the adjacency matrices was 0.36, which falls within the expected

range for white matter (typically ≥ 0.20). FA values below 0.20 are generally associated with grey

matter and were not present in the data.

(a) TA group: Before treatment (b) TA group: After treatment

Figure 16: Structural connectivity adjacency matrices for the TA group (n=5). (A) Before treatment, (B) After treatment. The
indices in the matrices are color-coded based on FA values between brain regions.



(a) TA+PT group: Before treatment (b) TA+PT group: After treatment

Figure 17: Structural connectivity adjacency matrices for the TA+PT group (n=6). (A) Before treatment, (B) After treatment.
The indices in the matrices are color-coded based on FA values between brain regions.

(a) SA+PT group: Before treatment (b) SA+PT group: After treatment

Figure 18: Structural connectivity adjacency matrices for the SA+PT group (n=8). (A) Before treatment, (B) After treatment.
The indices in the matrices are color-coded based on FA values between brain regions.

8.3 Structural-Functional Connectivity Coupling

The structural-functional connectivity coupling (SC-FC Coupling) showed negative correlations

for all three groups: TA (n=5), TA+PT (n=6), and SA+PT (n=8) pre- and post-treatment (Figure

19.a-c). The SC-FC coupling had a weak negative correlation for the TA and TA+PT group, pre-



treatment (before), with the TA+PT group the only significant correlation among the three groups

(TA: r=-0.21, p=0.1, CI [0.02, 0.64]; TA+PT: r=-0.35, p=0.002, CI [-0.04, 0.34]). The SA+PT group,

pre-treatment, had a very weak negative correlation that was not significant (r=-0.18, p=0.06, CI

[0.011, 0.44]) (Figure 19.c). Post-treatment, all three groups showed very weak negative corre-

lations, with none statistically significant (TA: r=-0.15, p=0.24, CI [0.002, 0.43]; TA+PT: r=-0.07,

p=0.55, CI [0.11, 0.38]; SA+PT: r=-0.11, p=0.28, CI [0.12, 0.51]). There was a tendency for the SC

data to cluster around the FA values between 0.40 and 0.45, and this was observed in all three

groups. The highest absolute Fisher Z-values appeared to be associated with lower FA values

(below 0.40), whereas low FC values were associated with high and low FA values, seen across

all three groups.
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(a) TA group (n=5) (b) TA+PT group (n=6)

(c) SA+PT group (n=8)

Figure 19: Structural-Functional Connectivity Coupling (SC-FC Coupling) across three groups: (a) TA, (b) TA+PT, and (c)
SA+PT. Scatter plots illustrate Pearson correlations between fractional anisotropy (FA) values and absolute Fisher Z-transformed
values of correlated mean time series from 13 brain regions, assessed before (blue) and after (red) treatment interventions. Lines of
best fit are shown, with corresponding r-values (Pearson correlation coefficients) and p-values indicated for each group and time point.
A p-value of ≤ 0.05 was considered statistically significant.

8.4 Functional Connectivity Graph Theoretical Measurements

For within-group comparisons (Figure 20 and Table 11), Lp (F = 6.72, 𝜂2𝑝 = 0.53, p-unadj = 0.045)

was the only graph measure that showed a statistically significant decrease after treatment (mean

± SD (SEM): 1.93 ± 0.16 (0.06)) compared to pre-treatment (mean ± SD (SEM): 2.01 ± 0.12

(0.04)) for the SA+PT group before adjusting for the covariate, motion, and after (p-adj = 0.041).
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In total, 53% of the remaining variance was explained by the treatment group, after adjusting for

motion. The significance was lost after correcting for multiple comparisons (p-Sidak = 0.19). No

other graph measures showed significant within-group differences.

The between-group differences, pre-treatment showed no statistically significant differences be-

tween the graph measures after adjusting for motion (Table 12), except for Lp (F=4.46, 𝜂2𝑝 =

0.37, p-unadj=0.02, p-adj=0.03, p-Sidak = 0.14). The SA+PT group significantly increased (Table

14) compared to the TA (p-unc=0.02, g=1.49) and TA+PT groups (p-unc=0.05, g=1.09), where g

is the effect size, Hedge’s g (small sample size correction). The significance was still observed

for Lp after correcting for multiple comparisons (p-Sidak = 0.04), comparing the TA and SA+PT

groups. Eg showed a significant difference between groups, pre-treatment, before adjusting for

motion (p-unadj=0.04), but not after (p-adj=0.051). Between-group analysis for the post-treatment

data did not show any statistically significant differences (Table 13).
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(a) Clustering Coefficient (Cp) (b) Characteristic Path Length (Lp)

(c) Small-worldness (Sigma) (d) Global Efficiency (Eg)

(e) Local Efficiency (Eloc)

Figure 20: Graph theoretical measures of functional connectivity networks before and after treatment across three groups,
using weighted connections between the 116 brain regions where the weights represent the correlated mean time series
values and represented by bar plots. Data are shown for three treatment groups: TA (n=5), TA+PT (n=6), and SA+PT (n=8), with
the keys indicating the specific group. Measures were calculated using the GRETNA Toolbox, and mean values were reported as
the area under the curve (AUC). (A) Clustering Coefficient (Cp), (B) Characteristic Path Length (Lp), (C) Sigma, (D) Global Efficiency
(Eg), and (E) Local Efficiency (Eloc). Mean ± SD and SEM are given as error bars. A p-value of ≤ 0.05 was considered statistically
significant and is indicated with an asterisk (∗), after adjusting for motion. Note: Significant baseline differences are not shown.
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Table 11: Within-group analysis of the functional connectivity graph measures. Values are given as mean ± standard deviation (SD) and standard error of the mean (SEM). p-unadj
(p-value before adjusting for motion), p-adj (p-value after adjusting for motion), and p-Sidak (p-value after correcting for multiple comparisons), the effect size, partial eta-squared (𝜂2

𝑝),
and the F-statistic are given. A p-value of ≤ 0.05 was considered statistically significant.

Group Variable
Before

Mean ± SD (SEM)
After

Mean ± SD (SEM) p-unadj p-adj p-Sidak 𝜂2
𝑝 F

TA (n=5)
Cp 0.123 ± 0.009 (0.004) 0.124 ± 0.025 (0.011) 0.93 0.94 1.00 0.002 0.007
Lp 1.83 ± 0.14 (0.06) 1.79 ± 0.26 (0.12) 0.77 0.79 1.00 0.03 0.08
Sigma 0.743 ± 0.121 (0.054) 0.811 ± 0.117 (0.052) 0.46 0.52 0.98 0.15 0.52
Eg 0.114 ± 0.008 (0.004) 0.117 ± 0.020 (0.009) 0.67 0.71 1.00 0.05 0.16
Eloc 0.164 ± 0.006 (0.003) 0.164 ± 0.028 (0.013) 0.98 0.99 1.00 0.0001 0.0003

TA+PT (n=6)
Cp 0.115 ± 0.015 (0.006) 0.114 ± 0.010 (0.004) 0.95 0.95 1.00 0.001 0.004
Lp 1.88 ± 0.05 (0.02) 1.90 ± 0.04 (0.02) 0.61 0.65 0.99 0.06 0.25
Sigma 0.700 ± 0.073 (0.030) 0.754 ± 0.058 (0.024) 0.21 0.23 0.73 0.34 2.02
Eg 0.110 ± 0.006 (0.002) 0.109 ± 0.002 (0.001) 0.65 0.68 1.00 0.048 0.20
Eloc 0.154 ± 0.012 (0.005) 0.154 ± 0.009 (0.004) 0.96 0.96 1.00 0.0007 0.003

SA+PT (n=8)
Cp 0.110 ± 0.013 (0.005) 0.114 ± 0.016 (0.006) 0.58 0.61 0.99 0.05 0.29
Lp 2.01 ± 0.12 (0.04) 1.93 ± 0.16 (0.06) 0.045 0.041 0.19 0.53 6.72
Sigma 0.778 ± 0.060 (0.021) 0.742 ± 0.091 (0.032) 0.46 0.47 0.96 0.09 0.59
Eg 0.103 ± 0.007 (0.002) 0.107 ± 0.009 (0.003) 0.07 0.06 0.28 0.46 5.17
Eloc 0.150 ± 0.013 (0.005) 0.151 ± 0.019 (0.007) 0.80 0.80 1.00 0.01 0.07
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Table 12: Pre-treatment between-group analysis for functional connectivity graph measures. Values are given as mean ± standard deviation (SD) and standard error of the mean
(SEM) for each group: TA (n=5), TA+PT (n=6), and SA+PT (n=8).p-unadj (p-value before adjusting for motion, p-adj (p-value after adjusting for motion), and p-Sidak (p-value after
correcting for multiple comparisons), the effect size, partial eta-squared (𝜂2𝑝), and the F-statistic are given. A p-value of ≤ 0.05 was considered statistically significant.

Measure TA: mean ± SD (SEM) TA+PT: mean ± SD (SEM) SA+PT: mean ± SD (SEM) p-unadj p-adj p-Sidak 𝜂2𝑝 F

Cp 0.123 ± 0.009 (0.004) 0.115 ± 0.014 (0.006) 0.110 ± 0.013 (0.004) 0.26 0.31 0.84 0.14 1.27
Lp 1.83 ± 0.14 (0.06) 1.88 ± 0.05 (0.02) 2.01 ± 0.12 (0.04) 0.02 0.03 0.14 0.37 4.46
Sigma 0.743 ± 0.121 (0.054) 0.700 ± 0.072 (0.030) 0.778 ± 0.060 (0.021) 0.25 0.28 0.80 0.16 1.41
Eg 0.114 ± 0.008 (0.004) 0.110 ± 0.006 (0.002) 0.103 ± 0.007 (0.002) 0.04 0.051 0.23 0.33 3.64
Eloc 0.164 ± 0.006 (0.003) 0.154 ± 0.012 (0.005) 0.150 ± 0.013 (0.005) 0.11 0.16 0.58 0.22 2.10

Table 13: Post-treatment, between-group analysis for functional connectivity graph measures. Values are given as mean ± standard deviation (SD) and standard error of the
mean (SEM) for each group: TA (n=5), TA+PT (n=6), and SA+PT (n=8). p-unadj (p-value before adjusting for motion, p-adj (p-value after adjusting for motion), and p-Sidak (p-value after
correcting for multiple comparisons), the effect size, partial eta-squared (𝜂2𝑝), and the F-statistic are given.A p-value of ≤ 0.05 was considered statistically significant.

Measure TA: mean ± SD (SEM) TA+PT: mean ± SD (SEM) SA+PT: mean ± SD (SEM) p-unadj p-adj p-Sidak 𝜂2𝑝 F

Cp 0.124 ± 0.025 (0.011) 0.114 ± 0.010 (0.004) 0.114 ± 0.016 (0.006) 0.55 0.58 0.99 0.070 0.57
Lp 1.79 ± 0.26 (0.12) 1.90 ± 0.04 (0.02) 1.93 ± 0.16 (0.06) 0.37 0.50 0.97 0.09 0.72
Sigma 0.811 ± 0.117 (0.052) 0.754 ± 0.058 (0.024) 0.742 ± 0.091 (0.032) 0.41 0.53 0.98 0.08 0.67
Eg 0.117 ± 0.020 (0.009) 0.109 ± 0.002 (0.001) 0.107 ± 0.009 (0.003) 0.32 0.42 0.94 0.11 0.91
Eloc 0.164 ± 0.028 (0.013) 0.154 ± 0.009 (0.004) 0.151 ± 0.019 (0.007) 0.52 0.58 0.99 0.07 0.56
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Table 14: Pre-treatment, pairwise comparisons for Lp functional graph measure for each group: TA (n=5), TA+PT (n=6), and SA+PT (n=8). The Adj. mean order corresponds
to the order in the comparison column. T-statistic with degrees of freedom, p-unc (p-value before correcting for multiple comparisons), p-Sidak (p-value after correcting for multiple
comparisons), and the effect sizes: absolute Cohen’s d and Hedge’s g are given. A p-value of ≤ 0.05 was considered statistically significant.

Measure Comparison Adj mean 1 Adj mean 2 t(df) p-unc p-Sidak |Cohen’s d| Hedge’s g

Lp TA vs TA+PT 1.83 1.88 -0.699 (15) 0.50 0.87 0.44 -0.40
Lp SA+PT vs TA 2.00 1.83 2.74 (15) 0.02 0.04 1.60 1.49
Lp SA+PT vs TA+PT 2.00 1.88 2.15 (15) 0.05 0.14 1.16 1.09

8.5 Structural Connectivity Graph Theoretical Measurements

Comparing post-treatment data to pre-treatment data for the five different graph measures (Cp, Lp, Sigma, Eg and Eloc) for structural

connectivity within the three independent groups (Figure.21): TA (n=5), TA+PT (n=6) and SA+PT (n=8), there was no statistically

significance observed after adjusting for the covariate motion (Table 15), except in the TA group for the graph measure Sigma (F=12.10,

𝜂2𝑝 = 0.80, p-unadj=0.89, p-adj=0.04, p-Sidak=0.12) which decreased post-treatment (mean ± SD (SEM): 0.243 ± 0.133 (0.060)

compared to pre-treatment (mean ± SD (SEM): 0.258 ± 0.111 (0.049)). Additionally, Eloc in the TA group showed a statistically

significant increase (F=13.30, 𝜂2𝑝 = 0.82, p-unadj=0.82, p-adj=0.04, p-Sidak=0.10) post-treatment compared to pre-treatment. No

significant differences were observed after correcting for multiple comparisons (p-Sidak > 0.05).

103



8.5 Pearly Joubert

The SA+PT group did not show any statistically significant differences after adjusting for motion

(Figure 21 and Table 15), but Sigma and Eloc did significantly increase post-treatment compared

to pre-treatment, before adjusting for motion (p-unadj=0.04 and 0.02, respectively, indicated by

”+”). The following graph measures were significantly different between groups, pre-treatment, be-

fore and after adjusting for motion (Table 16): Cp (F=8.96, 𝜂2𝑝 = 0.54, p-unadj=0.02, p-adj=0.003,

p-Sidak=0.01), Sigma (F=10.02, 𝜂2𝑝 = 0.57, p-unadj=0.02, p-adj=0.002, p-Sidak = 0.01), and Eloc

(F=6.32, 𝜂2𝑝 = 0.46, p-unadj=0.03, p-adj=0.01, p-Sidak=0.05). These measures were still statisti-

cally significant after correcting for multiple comparisons. Lp was not significantly different between

groups, pre-treatment (p-unadj=0.12, p-adj=0.08). Eg, only showed significance after adjusting for

motion (F=3.71, 𝜂2𝑝 = 0.33, p-unadj=0.11, p-adj=0.049, p-Sidak=0.22).

Pairwise comparison (Table 18) showed that Cp was significantly decreased in the SA+PT group

compared to the TA (p-unc=0.001) and TA+PT groups (p-unc=0.03), with Cp still significant in the

SA+PT group compared to the TA group after correcting for multiple comparisons (p-Sidak=0.003).

Sigma was significantly increased in the TA group compared to the TA+PT group (p-unc=0.01,

p-Sidak=0.04) and the SA+PT group (p-unc=0.0004, p-Sidak=0.001). There was a very strong

difference between Sigma in the TA and SA+PT group, with the difference unlikely due to chance

(d=2.65). The SA+PT and the TA+PT groupwas not significantly different (p-unc=0.10, p-Sidak=0.28).

Eg only showed a significant difference between the TA and TA+PT group (Table 18), with the

TA+PT group showing a statistically significant increase (p-unc=0.02, p-Sidak=0.05). Eloc was

significantly decreased in the SA+PT group compared to the TA (p-unc=0.004, p-Sidak=0.01) and

TA+PT groups (p-unc=0.05, p-Sidak=0.14), with only the SA+PT group vs. the TA group still

showing significance after correcting for multiple comparisons.

Between-group analysis for post-treatment data (Table 17) showed that Lp (F = 3.73, 𝜂2𝑝 = 0.33,

p-unadj = 0.046) and Eg (F = 3.63, 𝜂2𝑝 = 0.33, p-unadj = 0.048) were statistically significant before
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adjusting for motion, where Lp was also statistically significant after adjustment for the motion

(p-adj = 0.05), but not Eg (p-adj = 0.052). No statistically significant difference was found after

correcting for multiple comparisons (p-Sidak > 0.05). In total, 33.2% (rounded to 33%) of the

variance for Lp was uniquely explained by the group, compared to 32.6% (rounded to 33%) for

Eg, after adjusting for motion. The pairwise comparison showed that Lp in the SA+PT group

(mean ± SD (SEM): 1.87 ± 0.31 (0.11)) was significantly increased compared to TA (mean ± SD

(SEM): 1.58 ± 0.14 (0.06), p-unc=0.04, d=1.28, g=-1.22) and TA+PT (mean ± SD (SEM): 1.58

± 0.13 (0.06), p-unc=0.03, d=1.26, g=-1.20), where TA and TA+PT were not statistically different

(p-unc=0.97) (Table 19).
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(a) Clustering Coefficient (Cp) (b) Characteristic Path Length (Lp)

(c) Small-worldness (Sigma) (d) Global Efficiency (Eg)

(e) Local Efficiency (Eloc)

Figure 21: Graph theoretical measures of structural connectivity networks before and after treatment across three groups,
using weighted connections between the 116 brain regions where the weights represent fractional anisotropy (FA) values
and represented by bar plots. Data are shown for three treatment groups: TA (n=5), TA+PT (n=6), and SA+PT (n=8), with the keys
indicating the specific group. Measures were calculated using the GRETNA Toolbox, and mean values were reported as the area
under the curve (AUC). (A) Clustering Coefficient (Cp), (B) Characteristic Path Length (Lp), (C) Sigma, (D) Global Efficiency (Eg), and
(E) Local Efficiency (Eloc). Mean ± SD and SEM are given as error bars. A p-value of ≤ 0.05 was considered statistically significant
and is indicated with an asterisk (∗). ”(+)” indicates significance before adjusting for motion (but not after). Note: Significant baseline
differences are not shown.
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Table 15: Within-group analysis of the structural connectivity graph measures for the TA (n=5), TA+PT (n=6) and SA+PT (n=8) groups. Values are given as mean ± standard
deviation (SD) and standard error of the mean (SEM). p-unadj (p-value before adjusting for motion), p-adj (p-value after adjusting for motion), and p-Sidak (p-value after correcting for
multiple comparisons), the effect size, partial eta-squared (𝜂2

𝑝), and the F-statistic are given. A p-value of ≤ 0.05 was considered statistically significant.

Group Variable
Before

Mean ± SD (SEM)
After

Mean ± SD (SEM) p-unadj p-adj p-Sidak 𝜂2
𝑝 F

TA (n=5)
Cp 0.138 ± 0.061 (0.027) 0.154 ± 0.101 (0.045) 0.81 0.05 0.15 0.76 9.76
Lp 1.70 ± 0.10 (0.04) 1.58 ± 0.143 (0.064) 0.248 0.08 0.22 0.70 6.91
Sigma 0.258 ± 0.111 (0.049) 0.243 ± 0.133 (0.060) 0.89 0.04 0.12 0.80 12.10
Eg 0.126 ± 0.005 (0.002) 0.135 ± 0.009 (0.004) 0.11 0.06 0.16 0.75 9.15
Eloc 0.111 ± 0.0365 (0.016) 0.121 ± 0.0574 (0.026) 0.82 0.04 0.10 0.82 13.30

TA+PT (n=6)
Cp 0.113 ± 0.027 (0.011) 0.110 ± 0.0464 (0.019) 0.84 0.41 0.80 0.17 0.83
Lp 1.57 ± 0.12 (0.05) 1.58 ± 0.134 (0.055) 0.76 0.62 0.94 0.07 0.30
Sigma 0.186 ± 0.054 (0.022) 0.185 ± 0.0613 (0.025) 0.94 0.48 0.86 0.13 0.61
Eg 0.134 ± 0.008 (0.003) 0.134 ± 0.009 (0.004) 0.99 0.61 0.94 0.07 0.31
Eloc 0.0973 ± 0.0245 (0.0100) 0.0982 ± 0.0322 (0.0131) 0.90 0.51 0.88 0.11 0.51

SA+PT (n=8)
Cp 0.074 ± 0.015 (0.006) 0.121 ± 0.053 (0.019) 0.05 0.31 0.67 0.17 1.23
Lp 1.64 ± 0.07 (0.02) 1.87 ± 0.309 (0.109) 0.08 0.09 0.24 0.41 4.17
Sigma 0.139 ± 0.030 (0.011) 0.255 ± 0.129 (0.046) 0.04 0.26 0.60 0.20 1.51
Eg 0.130 ± 0.005 (0.002) 0.117 ± 0.017 (0.006) 0.10 0.08 0.21 0.43 4.53
Eloc 0.0728 ± 0.0087 (0.0031) 0.102 ± 0.027 (0.009) 0.02 0.57 0.92 0.06 0.37
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Table 16: Pre-treatment, between-group analysis for structural connectivity graph measures. Values are given as mean ± standard deviation (SD) and standard error of the mean
(SEM) for each group: TA (n=5), TA+PT (n=6), and SA+PT (n=8). p-unadj (p-value before adjusting for motion), p-adj (p-value after adjusting for motion), and p-Sidak (p-value after
correcting for multiple comparisons), the effect size, partial eta-squared (𝜂2

𝑝), and the F-statistic are given. A p-value of ≤ 0.05 was considered statistically significant.

Measure TA: mean ± SD (SEM) TA+PT: mean ± SD (SEM) SA+PT: mean ± SD (SEM) p-unadj p-adj p-Sidak 𝜂2
𝑝 F

Cp 0.138 ± 0.060 (0.027) 0.113 ± 0.027 (0.011) 0.074 ± 0.015 (0.005) 0.02 0.003 0.01 0.54 8.96
Lp 1.70 ± 0.10 (0.04) 1.57 ± 0.12 (0.05) 1.64 ± 0.07 (0.03) 0.12 0.08 0.34 0.29 3.01
Sigma 0.258 ± 0.110 (0.049) 0.186 ± 0.054 (0.022) 0.139 ± 0.030 (0.011) 0.02 0.002 0.01 0.57 10.02
Eg 0.126 ± 0.005 (0.002) 0.134 ± 0.008 (0.003) 0.130 ± 0.005 (0.002) 0.11 0.049 0.22 0.33 3.71
Eloc 0.111 ± 0.037 (0.016) 0.097 ± 0.025 (0.010) 0.073 ± 0.009 (0.003) 0.03 0.01 0.05 0.46 6.32

Table 17: Post-treatment, between-group analysis for structural connectivity graph measures. Values are given as mean ± standard deviation (SD) and standard error of the mean
(SEM) for each group: TA (n=5), TA+PT (n=6), and SA+PT (n=8). p-unadj (p-value before adjusting for motion), p-adj (p-value after adjusting for motion), and p-Sidak (p-value after
correcting for multiple comparisons), the effect size, partial eta-squared (𝜂2

𝑝), and the F-statistic are given. A p-value of ≤ 0.05 was considered statistically significant.

Measure TA: mean ± SD (SEM) TA+PT: mean ± SD (SEM) SA+PT: mean ± SD (SEM) p-unadj p-adj p-Sidak 𝜂2
𝑝 F

Cp 0.154 ± 0.101 (0.045) 0.110 ± 0.046 (0.019) 0.121 ± 0.053 (0.019) 0.53 0.44 0.94 0.10 0.87
Lp 1.58 ± 0.14 (0.06) 1.58 ± 0.13 (0.06) 1.87 ± 0.31 (0.11) 0.05 0.05 0.22 0.33 3.73
Sigma 0.243 ± 0.133 (0.060) 0.185 ± 0.061 (0.025) 0.255 ± 0.129 (0.046) 0.51 0.49 0.96 0.09 0.75
Eg 0.135 ± 0.009 (0.004) 0.134 ± 0.009 (0.004) 0.117 ± 0.017 (0.006) 0.048 0.052 0.23 0.33 3.63
Eloc 0.121 ± 0.057 (0.026) 0.098 ± 0.032 (0.013) 0.102 ± 0.027 (0.009) 0.60 0.52 0.98 0.08 0.68
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Table 18: Pre-treatment pairwise comparisons for Cp, Lp, Eg, and Eloc structural graph measures across groups: TA (n=5), TA+PT (n=6), and SA+PT (n=8). The Adj. mean
order corresponds to the order in the comparison column. T-statistic with degrees of freedom, p-unc (p-value before correcting for multiple comparisons), p-Sidak (p-value after correcting
for multiple comparisons), and the effect sizes: absolute Cohen’s d and Hedge’s g are given. A p-value of ≤ 0.05 was considered statistically significant.

Measure Comparison Adj mean 1 Adj mean 2 t(df) p-unc p-Sidak |Cohen’s d| Hedge’s g

Cp TA vs TA+PT 0.146 0.111 1.82 (15) 0.09 0.24 1.13 1.07
Cp TA vs SA+PT 0.146 0.070 4.15 (15) 0.001 0.003 2.45 2.33
Cp TA+PT vs SA+PT 0.111 0.0699 2.45 (15) 0.03 0.08 1.32 1.26

Sigma TA vs TA+PT 0.276 0.182 2.76 (15) 0.01 0.04 1.71 1.62
Sigma TA vs SA+PT 0.276 0.13 4.48 (15) 0.0004 0.001 2.65 2.52
Sigma TA+PT vs SA+PT 0.182 0.131 1.74 (15) 0.10 0.28 0.94 0.89

Eg TA vs TA+PT 0.124 0.134 -2.71 (15) 0.02 0.05 1.68 -1.59
Eg TA vs SA+PT 0.124 0.131 -1.87 (15) 0.08 0.22 1.11 -1.05
Eg TA+PT vs SA+PT 0.134 0.131 1.05 (15) 0.31 0.67 0.57 0.54

Eloc TA vs TA+PT 0.115 0.096 1.41 (15) 0.18 0.44 0.88 0.83
Eloc TA vs SA+PT 0.115 0.071 3.46 (15) 0.004 0.01 2.04 1.94
Eloc TA+PT vs SA+PT 0.096 0.071 2.16 (15) 0.05 0.14 1.17 1.11

Table 19: Post-treatment pairwise comparisons for the Lp structural graph measure for each group: TA (n=5), TA+PT (n=6), and SA+PT (n=8). The Adj. mean order corresponds
to the order in the comparison column. T-statistic with degrees of freedom, p-unc (p-value before correcting for multiple comparisons), p-Sidak (p-value after correcting for multiple
comparisons), and the effect sizes: absolute Cohen’s d and Hedge’s g are given. A p-value of ≤ 0.05 was considered statistically significant.

Comparison Adj mean 1 Adj mean 2 t(df) p-unc p-Sidak |Cohen’s d| Hedges’ g

TA vs TA+PT 1.58 1.59 -0.04 (15) 0.97 1.00 0.02 -0.02
TA vs SA+PT 1.58 1.87 -2.25 (15) 0.04 0.12 1.28 -1.22
TA+PT vs SA+PT 1.59 1.87 -2.33 (15) 0.03 0.10 1.26 -1.20
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8.6 Correlations of Structural and Functional Graph Measures with FMA

For the functional connectivity data, significant correlations between FMA and Cp, Lp, Eg, and Eloc

were observed only in the SA+PT group (Figure.22-23, 25-26). A very weak positive correlation

and a significant moderate positive correlation were observed in the TA (r = 0.13, p = 0.72, CI:

[-0.54, 0.70]) and SA+PT groups for Cp (r = 0.60, p = 0.01, CI: [0.15, 0.84]), respectively (Table

20 and Figure.19.a+c). Additionally, a very weak negative correlation between FMA and Cp in

the TA+PT group was observed (r = -0.08, p = 0.8, CI: [-0.63, 0.52]) (Figure.22.b). A very weak

negative correlation between FMA and Lp was observed in the TA (r = -0.18, p = 0.62, CI: [-0.73,

0.51]) and in the TA+PT (r = -0.03, p = 0.92, CI: [-0.60, 0.55]) groups, with a significant strong

negative correlation in the SA+PT group (r = -0.71, p = 0.002, CI: [-0.89, -0.34]) (Figure.23). For

sigma, a very weak positive and moderate positive correlation were seen in the TA (r = 0.21, p

= 0.55, CI: [-0.48, 0.74]) and TA+PT groups (r = 0.51, p = 0.09, CI: [-0.09, 0.84]), respectively

(Figure.24.a+b). The SA+PT group showed a weak negative correlation (r = -0.19, p = 0.48, CI:

[-0.63, 0.34]) between FMA and Sigma (Figure.24.c). A very weak positive correlation between

FMA and Eg was seen in the TA (r = 0.20, p = 0.57, CI: [-0.49, 0.74]) and TA+PT (r = 0.03, p = 0.94,

CI: [-0.56, 0.59]) groups (Figure.25.a+b). Additionally, a significantly strong positive correlation (r

= 0.71, p = 0.002, CI: [0.32, 0.89]) was observed for the SA+PT group (Figure.25.c). Similarly,

very weak positive correlations between FMA and Eloc were seen for the TA (r = 0.14, p = 0.69, CI:

[-0.53, 0.71]) and TA+PT (r = 0.09, p = 0.79, CI: [-0.51, 0.63]) groups, respectively (Figure.26.a+b).

A significant moderate positive correlation was seen in the SA+PT group (r = 0.58, p = 0.02, CI:

[0.12, 0.85]) (Figure.26.c). For all the statistically significant correlations (Cp, Lp, Eg and Eloc)

in the SA+PT group, ”0” was not part of the 95% confidence interval and therefore, there is 95%

certainty that the relationship is real.
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For the structural connectivity data, FMA was not significantly correlated with any of the 5 graph

measures for the groups: TA (n=10), TA+PT (n=12) or SA+PT (n=16) with p-values > 0.05 (Table

21 and Figure.24-28). For Cp, the TA (r = 0.17, p = 0.65, CI: [-0.52, 0.72]) and SA+PT groups (r

= 0.19, p = 0.48, CI: [-0.34, 0.63]) both showed very weak positive correlations (Figure.27.a+c).

The TA+PT group showed a weak negative correlation (r = -0.42, p = 0.18, CI: [-0.80, 0.21]) (Fig-

ure.27.b). For the graph measure Lp, the TA (r = -0.54, p = 0.11, CI: [-0.87, 0.14]) and TA+PT

group (r = -0.01, p = 0.97, CI: [-0.58, 0.57]) showed moderate and very weak negative correla-

tions, respectively (Figure.28.a+b). The SA+PT group showed a moderate positive correlation (r

= 0.40, p = 0.13, CI: [-0.12, 0.74]) (Figure.28.c). The Sigma graph measures showed a negative

correlation for both the TA (r = -0.01, p = 0.97, CI: [-0.64, 0.62]) and TA+PT group (r = -0.47, p

= 0.12, CI: [-0.82, 0.14]), with TA being very weakly negative and the TA+PT group being weakly

negative (Figure.29.a+b). A very weak positive correlation was observed for the SA+PT group

(r = 0.28, p = 0.28, CI: [-0.24, 0.68]) (Figure.29.c). In contrast, Eg was positively correlated with

FMA for the TA (r = 0.63, p = 0.05, CI: [0.00, 0.90]) and TA+PT group (r = 0.04, p = 0.90, CI: [-0.55,

0.60]) with a weak negative correlation in the SA+PT group (r = -0.36, p = 0.17, CI: [-0.73, 0.16])

(Figure.30.a-c). Eloc showed a very weak positive and weak positive correlation in the TA (r =

0.18, p = 0.63, CI: [-0.51, 0.72]) and SA+PT group (r = 0.33, p = 0.21, CI: [-0.2, 0.71]), respectively

(Figure.31.a+c). The TA+PT group showed a weak negative correlation (r = -0.30, p = 0.34, CI:

[-0.75, 0.33]) (Figure.31.b).
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Table 20: Pearson correlations between FMA and functional graphmeasures. Shown are correlation coefficients (r), p-values, and
95% confidence intervals (CI) for each group: TA (n=10), TA+PT (n=12), and SA+PT (n=16), with the pre-treatment and post-treatment
data pooled together. A p-value of ≤ 0.05 was considered statistically significant.

Measure Group r-value p-value 95% CI

Cp
TA 0.13 0.72 [-0.54, 0.70]
TA+PT -0.08 0.80 [-0.63, 0.52]
SA+PT 0.60 0.01 [0.15, 0.84]

Lp
TA -0.18 0.62 [-0.73, 0.51]
TA+PT -0.03 0.92 [-0.60, 0.55]
SA+PT -0.71 0.002 [-0.89, -0.34]

Sigma
TA 0.21 0.55 [-0.48, 0.74]
TA+PT 0.51 0.09 [-0.09, 0.84]
SA+PT -0.19 0.48 [-0.63, 0.34]

Eg
TA 0.20 0.57 [-0.49, 0.74]
TA+PT 0.03 0.94 [-0.56, 0.59]
SA+PT 0.71 0.002 [0.32, 0.89]

Eloc
TA 0.14 0.69 [-0.53, 0.71]
TA+PT 0.09 0.79 [-0.51, 0.63]
SA+PT 0.58 0.02 [0.12, 0.85]
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Table 21: Pearson correlations between FMA and structural graph measures. Shown are correlation coefficients (r), p-values, and
95% confidence intervals (CI) for each group: TA (n=10), TA+PT (n=12), and SA+PT (n=16), with the pre-treatment and post-treatment
data pooled together. A p-value of ≤ 0.05 was considered statistically significant.

Measure Group r-value p-value 95% CI

Cp
TA 0.17 0.65 [-0.52, 0.72]
TA+PT -0.42 0.18 [-0.80, 0.21]
SA+PT 0.19 0.48 [-0.34, 0.63]

Lp
TA -0.54 0.11 [-0.87, 0.14]
TA+PT -0.01 0.97 [-0.58, 0.57]
SA+PT 0.40 0.13 [-0.12, 0.74]

Sigma
TA -0.01 0.97 [-0.64, 0.62]
TA+PT -0.47 0.12 [-0.82, 0.14]
SA+PT 0.28 0.28 [-0.24, 0.68]

Eg
TA 0.63 0.05 [0.00, 0.90]
TA+PT 0.04 0.90 [-0.55, 0.60]
SA+PT -0.36 0.17 [-0.73, 0.16]

Eloc
TA 0.18 0.63 [-0.51, 0.72]
TA+PT -0.30 0.34 [-0.75, 0.33]
SA+PT 0.33 0.21 [-0.20, 0.71]
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(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 22: Functional connectivity graph measure, Cp, correlated with FMA.Three scatterplots (A-C) illustrating the Pearson
correlation between Fugl-Meyer Assessment (FMA) scores and the Clustering Coefficient (Cp), a graph theoretical measure of local
network segregation, across three treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual
patients, with pre-treatment (”before”) values shown in purple and post-treatment (”after”) values in orange. For each group, the
Pearson correlation coefficient (r) and its corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant



(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 23: Functional connectivity graphmeasure, Lp, correlated with FMA.Three scatterplots (A-C) illustrating the Pearson corre-
lation between Fugl-Meyer Assessment (FMA) scores and the Characteristic path length (Lp), a graph theoretical measure of network
integration, across three treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with
pre-treatment (”before”) values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation
coefficient (r) and its corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant



(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 24: Functional connectivity graph measure, Sigma, correlated with FMA. Three scatterplots (A-C) illustrating the Pearson
correlation between Fugl-Meyer Assessment (FMA) scores and Sigma, a graph theoretical measure of small-worldness, across three
treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with pre-treatment (”before”)
values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation coefficient (r) and its
corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant



(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 25: Functional connectivity graph measure, Eg, correlated with FMA. Three scatterplots (A-C) illustrating the Pearson
correlation between Fugl-Meyer Assessment (FMA) scores and Global efficiency (Eg), a graph theoretical measure of local network
integration, across three treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with
pre-treatment (”before”) values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation
coefficient (r) and its corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant.
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(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 26: Functional connectivity graph measure, Eloc, correlated with FMA. Three scatterplots (A-C) illustrating the Pearson
correlation between Fugl-Meyer Assessment (FMA) scores and Local Efficiency (Eloc), a graph theoretical measure of local network
segregation, across three treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with
pre-treatment (”before”) values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation
coefficient (r) and its corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant.
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(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 27: Structural connectivity graph measure, Cp correlated with FMA. Three scatterplots (A-C) illustrating the Pearson corre-
lation between Fugl-Meyer Assessment (FMA) scores and the Clustering Coefficient (Cp), a graph theoretical measure of local network
segregation, across three treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with
pre-treatment (”before”) values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation
coefficient (r) and its corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant.



(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 28: Structural connectivity graph measure, Lp correlated with FMA. Three scatterplots (A-C) illustrating the Pearson corre-
lation between Fugl-Meyer Assessment (FMA) scores and the characteristic path length (Lp), a graph theoretical measure of network
integration, across three treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with
pre-treatment (”before”) values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation
coefficient (r) and its corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant.



(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 29: Structural connectivity graph measure, Sigma, correlated with FMA. Three scatterplots (A-C) illustrating the Pearson
correlation between Fugl-Meyer Assessment (FMA) scores and Sigma, a graph theoretical measure of small-worldness, across three
treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with pre-treatment (”before”)
values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation coefficient (r) and its
corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant.



(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 30: Structural connectivity graph measure, Eg, correlated with FMA. Three scatterplots (A-C) illustrating the Pearson
correlation between Fugl-Meyer Assessment (FMA) scores and Global efficiency (Eg), a graph theoretical measure of network inte-
gration, across three treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with
pre-treatment (”before”) values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation
coefficient (r) and its corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant
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(a) TA group (n=10) (b) TA+PT group (n=12)

(c) SA+PT group (n=16)

Figure 31: Structural connectivity graph measure, Eloc, correlated with FMA.Three scatterplots (A-C) illustrating the Pearson
correlation between Fugl-Meyer Assessment (FMA) scores and local efficiency (Eloc), a graph theoretical measure of local network
segregation, across three treatment groups: (A) TA, B) TA+PT and C) SA+PT. Each plot displays data points for individual patients, with
pre-treatment (”before”) values shown in purple and post-treatment (”after”) values in orange. For each group, the Pearson correlation
coefficient (r) and its corresponding p-value are provided. A p-value ≤0.05 was considered statistically significant.
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The analysis within the three treatment groups showed significantly higher FMA scores after treat-

ment compared to pre-treatment in all three groups: TA (n=5), TA+PT (n=6) and SA+PT (n=8),

with the p-values less than 0.01 (Table 22 and Figure 32). The very low p-values observed in

the TA and SA+PT groups might be due to the outliers detected. For post-treatment data in the

TA group, two outliers were detected, 21 and 27. For the pre-treatment data in the SA+PT group,

the two FMA values, 12 and 8, were detected as outliers. These values can skew the data and

therefore, the outliers were winsorized, and the statistical analysis was recorded in (Table 23).

The winsorized data showed that the mean FMA increased compared to the non-winsorized data,

reflected by the adjusted p-value (0.004), which is now higher than (p-value < 0.001) for the SA+PT

group. Thus, replacing the outliers with the outlier bounds made the p-values larger but still signif-

icant. There were no significant differences between the different groups post-treatment (F=1.02,

𝜂2 = 0.11, p-value = 0.38) (Table 24).

Table 22: Within-group analysis of the FMA scores in the 3 groups: TA (n=5), TA+PT (n=6) and SA+PT (n=8). The mean ±
SD and SEM are given. The p-value, effect size, absolute (Cohen’s d), and T-statistic are shown. A p-value ≤0.05 was considered
statistically significant.

Group Before: Mean ± SD (SEM) After: Mean ± SD (SEM) p-value |Cohen’s d| T-statistic

TA 20.80 ± 0.84 (0.37) 29.00 ± 1.22 (0.55) < 0.001 6.29 -14.06
TA+PT 19.17 ± 4.71 (1.92) 30.00 ± 2.90 (1.18) 0.002 2.54 -6.23
SA+PT 19.00 ± 4.63 (1.64) 26.62 ± 6.37 (2.25) < 0.001 2.20 -6.23

Table 23: Within-group analysis of the FMA scores after winsorization in the 3 groups: TA (n=5), TA+PT (n=6), and SA+PT
(n=8). The mean ± standard deviation (SD) and standard error of the mean (SEM) are given. The p-value, effect size, absolute
(Cohen’s d), and T-statistic are shown. A p-value ≤0.05 was considered statistically significant.

Group Before: Mean ± SD After: Mean ± SD p-value |Cohen’s d| T-statistic

TA 20.80 ± 0.84 29.10 ± 1.02 0.0001 6.90 -15.41
TA+PT 19.17 ± 4.71 30.00 ± 2.90 0.002 2.54 -6.23
SA+PT 19.81 ± 2.51 26.62 ± 6.37 0.004 1.51 -4.28
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Figure 32: Line graphs illustrating the mean Fugl-Meyer Assessment (FMA) scores for three treat-
ment groups: TA (n=5), TA+PT (n=6), and SA+PT (n=8), pre-treatment and post-treatment. Conditions
are distinguished by a color-coded key. Each bar represents the group mean FMA score, with error bars
indicating the standard error of the mean (SEM). A p-value ≤0.05 is considered statistically significant.

Table 24: Between-group analysis of the FMA scores in the 3 groups: TA (n=5), TA+PT (n=6) and SA+PT (n=8). The mean ±
standard deviation (SD) and standard error of the mean (SEM) are given. The p-value, effect size (Eta-squared, 𝜂2), and F-statistic
are shown. A p-value ≤0.05 was considered statistically significant.

TA: Mean ± SD (SEM) TA+PT: Mean ± SD (SEM) SA+PT: Mean ± SD (SEM) p-value 𝜂2 F-statistic

29.00 ± 1.22 (0.55) 30.00 ± 2.90 (1.18) 26.62 ± 6.37 (2.25) 0.38 0.11 1.02
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Chapter 9

Discussion

9.1 Functional Connectivity: Within-Group Differences

Ischemic stroke not only damages brain regions adjacent to the infarct but also induces widespread

alterations in global brain networks, leading to motor impairments, language deficits, and neu-

ropsychiatric complications such as depression. [231] Stroke compromises microstructural integrity,

thereby disrupting communication between structural and functional networks. Neuroplasticity

enables reorganisation of these networks, a process that can occur naturally in the form of spon-

taneous recovery. [80] This raises a key question: Can therapeutic interventions be leveraged to

act synergistically with spontaneous recovery to improve rehabilitation outcomes? Evidence sug-

gests that acupuncture and physiotherapy promote neuroplasticity and improve motor outcomes in

post-stroke patients. [53] However, their specific impact on structural and functional connectivity in

first-ever ischemic stroke patients remains unclear. To address this gap, neuroimaging studies that

combine Diffusion-Weighted Imaging (DWI) and resting-state fMRI (rs-fMRI) to study whole-brain

network changes are essential to determine whether structural and functional changes are isomor-

phic. Against this background, the present study examined the effect of adjunctive acupuncture

on the whole-brain structural and functional connectivity in nineteen right-handed, male ischemic

stroke patients from China, randomized into three treatment groups: 1) True Acupuncture (TA),

2) TA and Physiotherapy (PT), and 3) PT and Sham Acupuncture (SA, a placebo or non-acupoint

acupuncture).
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To investigate the functional connectivity in the ischemic stroke cohort, the CONN Toolbox was

used to determine the significant brain connection changes. All patients in the cohort investigated

in this study had a basal ganglia ischemic infarct, except for one, where the infarct occurred in the

pons.

9.1.1 True Acupuncture (TA): Increased Functional Connections

The basal ganglia are a set of subcortical nuclei that shape complex motor control and also sup-

port non-motor functions such as reward and emotion. [232] Anatomically, the caudate, putamen,

and nucleus accumbens form the striatum, the principal afferent hub where cortical inputs con-

verge. [233] The globus pallidus externus/internus and the subthalamic nucleus further contribute

as efferent elements that relay signals to other regions. [234] Crucially, the basal ganglia and cere-

bellum communicate bidirectionally via disynaptic pathways. [235;236]

Within this framework, our TA within-group analysis showed positive connections for Vermis_7 to

Caudate_R, Vermis_7 to Thalamus_R, and Hippocampus_R to Temporal_Inf_R (Figure 10.a and

Table 5). Converging evidence indicates that the basal ganglia and cerebellum jointly support

motor timing: [237–239] the cerebellum responds to timing irregularities, whereas the basal ganglia

engage when task order is unpredictable. [240] Vermis_7, in the posterior cerebellum, has been im-

plicated in this timing role, and predictive motor timing appears to require coupled basal ganglia-

cerebellar activation, observed also in healthy participants. Therefore, damage to the basal gan-

glia can impair motor timing. [241;242]

The caudate participates in the cortico-thalamo-basal ganglia (CTBG) core timing circuit, a par-

tially distributed, context-dependent mechanism. [243;244] Consistent with this, the thalamus, an in-

tegrative relay, coactivated with Vermis_7. After true acupuncture (TA) treatment, a strengthened

hippocampal connection also emerged. The hippocampus encodes temporal information via ”time
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cells” in rodents and humans, supporting episodic memory. [245;246] Episodic memory is a type of

long-term memory that allows for the conscious recall of past events, or experiences. Together,

these patterns suggest that true acupuncture may upregulate CTBG, cerebellar, and hippocampal

nodes to refine temporal integration and motor control, while facilitating retrieval of motor expe-

riences. In contrast, the post-treatment decrease of the parahippocampal connection, important

for spatial, visual, and episodic memory, [247] in the SA+PT group may reflect sham acupuncture’s

more limited engagement of episodic-memory circuits relative to TA (Table 7).

9.1.2 True Acupuncture (TA): Decreased Functional Connections

In the TA group, most post-treatment decreases involved the supplementary motor area (SMA)

(Figure 10.b; Table 5), a core timing node. [248] Globus pallidus internus inhibition of the SMA fa-

cilitates subsequent movements, consistent with basal ganglia suppression of competing motor

circuits [249] where the (pre-) SMA mediates response inhibition. [250–252] Thus, reduced SMA con-

nectivity may prevent excessive inhibition in already compromised motor pathways. In chronic

stroke, Laplacian-EEG shows SMA overactivation post-response and reduced preparatory activ-

ity, [253] suggesting impaired motor pre-planning. Together, our results imply that true acupuncture

may prevent SMA overactivation by rebalancing activation and deactivation to optimize motor

performance. However, another study where patients were treated with acupuncture showed an

increased FC between the SMA and other brain regions. [254] The contradictory results emphasise

the need for critical evaluation of study design. Our study included manual and electroacupuncture

(EA), whereas their study only included manual acupuncture (MA). EA was shown to be superior

to MA in stroke recovery. [255] Additionally, our results could support the notion previously intro-

duced in which TA aids in inhibiting competing motor circuits, mediated by the increased SMA,

specifically the pre-SMA. Further supporting our results is a study that showed a decrease in FC

between the ipsilateral primary motor cortex and the ipsilateral SMA after conventional rehabilita-
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tion and motor imagery therapy in ischemic stroke patients. [256] However, their study did not use

acupuncture, and instead of the primary motor cortex, our study showed the SMA connected to

the rolandic operculum, which is anatomically close to the M1 (Figure 10.b). The rolandic oper-

culum is near the central sulcus, where the temporal, parietal and frontal lobes converge and has

multiple functions, with one notable one being processing integrated exteroceptive-interoceptive

signals important for self-awareness and bodily self-consciousness (BSC). [257] Interestingly, their

fMRI results showed the activation of the bilateral rolandic operculum implicated in mental states

associated with self-consciousness and interoceptive awareness. Furthermore, a study aiming to

identify brain regions involved in body ownership showed bilateral activation of the rolandic op-

erculum. [258] Notably, this emphasizes the role of the BSC in alterations in limb ownership. [259]

Indeed, stroke patients can experience alterations in their subjective feeling of ownership for the

affected limb and show decreased capability of detecting their real limb from a virtual limb. [260]

Alarmingly, this could limit motor recovery of the affected limb. The reduced functional connectivity

between the SMA and bilateral rolandic operculum after acupuncture treatment in the current study

(Table 5), might prevent distorted body perception post-stroke. However, whether decreased or

increased functional connections involving this brain region prevent distortions in body owner-

ship is presently unclear. A study where the TE5 acupoint was stimulated on the affected side,

showed that brain regions involved in sensorimotor function as well as the medial frontal cortex

was activated and enhanced lateralization to the contralateral (unaffected) hemisphere, consistent

with compensatory takeover. [261] In contrast, LI4/LI11 produced stronger somatosensory cortical

activation, [262] indicating acupoint-specific neural responses.

In this study, we needled GV26 (DU26), PC6, GB34, SP6, BL40, and GB40 (Figure 7); all were bi-

lateral except BL40 andGV26, making it difficult to attribute specific neural effects, or lateralization,

to a single acupoint. In the TA group, infarcts were evenly split left/right (one unknown) (Appendix
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C.10.4.2). Post-treatment, all significantly decreased SMA connections were left-sided, linking to

the bilateral rolandic operculum, bilateral superior temporal gyrus (STG), and bilateral Heschl gyrus

(Table 5). These regions subserve sensory, auditory, and language processing, less central to mo-

tor recovery. [263;264] Notably, the rolandic operculum and Heschl gyrus are hypoactivated in major

depression, [265] and rolandic operculum lesions relate to post-stroke depression. [266] Because we

did not administer depression questionnaires, we cannot determine whether the decreased con-

nectivity reflects altered limb ownership or depressive symptoms. Moreover, the right cerebellar

lobule VIIb (Cerebelum_7b_R) and the left cerebellar lobule VIII (Cerebelum_8_L) showed a sig-

nificant decrease in connectivity post-treatment (Table 5). Thus, both hemispheres were engaged

before treatment, but connectivity decreased following acupuncture, with the increased connec-

tions primarily originating from the right hemisphere. This could suggest dampening of excessive

cross-talk between motor planning and sensory/auditory processing across both hemispheres,

which could interfere with motor recovery. Thus, “pruning” away non-essential connections and

allowing the SMA to dedicate more resources to brain regions involved in motor function.

9.1.3 True Acupuncture (TA) Combined with Physiotherapy

About one-third of patients develop neuropsychiatric complications (e.g., depression) within five

years post-stroke, [267;268] which can hinder motor recovery. [269;270] Affected circuits link the pre-

frontal cortex, basal ganglia, and amygdala. The amygdala-basolateral complex (BLA) and cen-

tral nucleus (CeA), mediates emotion, fear, reward [271] and modulates pain, with activity tied to

vulnerability and tolerance. [272] The insula, with the anterior cingulate cortex (ACC), forms the

salience network (SN) that prioritizes internal/external stimuli. [273;274] Critically, the right anterior in-

sula switches between the central executive network (CEN) and the default mode network (DMN),

which often compete. [210;275;276] Specifically, the right anterior insula (AI) upregulates the CEN and

downregulates the DMN across modalities. In motor control, the insula operates in five stages,
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from stimulus segregation (stage 1) to relaying to the ACC to select an appropriate motor response

(stage 5). [277] Two anti-correlated systems maintain balance under task demands: a task-positive

network and the task-negative network. [210;278] The task-negative network is called the limbic-

paralimbic neocortical network (LPNN). The LPNN integrates limbic, paralimbic, and neocortical

regions to coordinate emotion, interoception, salience, cognition, and autonomic control. In our

data, the right insula appears to switch toward a task-positive pattern involving Vermis_1_2 (Table

6) while anti-correlating with LPNN nodes, the amygdala, Temporal_Pole_Mid (middle temporal

gyrus (temporal pole)), and Frontal_Sup_Orb_L (orbital superior frontal gyrus), that might direct

attention to motor goals (Figure 11.b).

Studies have shown that the DMN is deactivated during attention-demanding tasks. [210;279;280] Con-

sistent with this, the Frontal_Sup_Medial_R (medial superior frontal gyrus (SFG)), a DMN node,

decreased post-treatment in the TA+PT group (Table 6 and Figure 11.b). The SFG supports

self-related processing that is suppressed during intense sensorimotor demands. [281] Alongside

Vermis_1_2 (anterior cerebellum; sensorimotor/postural control) and the right insula, this pattern

suggests adjunctive acupuncture may reallocate resources from self-reflection to sensorimotor

processing, functionally “shutting off” nonessential circuits and lowering cognitive load. SFG coac-

tivation with the amygdala, could imply a self-reinforcing anti-analgesic effect. Notably, multiple

studies link acupuncture to neuroprotection, analgesia and energy balance via the endocannabi-

noid system (ECS). [282–287]

The endocannabinoid system (ECS) is a likely mediator of acupuncture’s benefits. It comprises

CB1R and CB2R, widely expressed in the CNS. [288] In ischemic stroke, CB1Rmitigates glutamate-

driven excitotoxicity, [289] where clinical and preclinical studies showed that electroacupuncture

(EA) lowers serum glutamate and inhibits excessive release. [290–292] EA also reducesNMDAmRNA

in the amygdala, producing analgesia, consistent with high CB1R expression there, [293] suggest-
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ing TA+PT may attenuate glutamatergic excitotoxicity in amygdala circuits. CB1R further modu-

lates GABAergic signaling, where its downregulation can increase GABA-mediated inhibition of

glutamate. [294;295] Furthermore, acupuncture’s GABAergic analgesia is region-specific. [296] No-

tably, activating GABA receptors can raise nociceptive thresholds in the spinal cord but lower

them supraspinally. Thus, sham (non-acupoint) stimulation may have been less effective than

TA at engaging supraspinal GABA/ECS pathways, potentially explaining the increased amygdala

connectivity in SA+PT (Figure 12.a; Table 7), though, without molecular markers, this remains

speculative.

9.1.4 Sham Acupuncture (SA) Combined with Physiotherapy

In contrast to the TA+PT group, connections involving the amygdala increased in the SA+PT group

(Table 7). Some studies report sham acupuncture producing effects comparable to true acupunc-

ture, [297–299] yet concerns about bias and small samples persist. [300] A meta-analysis study found

no overall molecular differences and noted higher GABA with true acupuncture, supporting in-

hibitory effects on nociception. [43] Interpretation is further complicated by heterogeneous sham

protocols and incomplete blinding. [301] Interestingly, acupuncture at GB34 can evoke stronger

amygdala responses in females despite similar Deqi. [302] Because Deqi has a pain component,

and rehabilitation introduces joint pain, perception may be confounded; familiarity and expectation

in our Chinese cohort may reduce perceived pain. [303] Expectancy itself matters: believing one re-

ceived true acupuncture lowers pain. [304] Our randomized but unblinded design, with no exclusion

of prior acupuncture users, could therefore amplify pain in SA+PT, helping explain its increased

amygdala connectivity (Figure 12.a; Table 7).

Additionally, in contrast to the TA group, the functional connections involving the left Supp_Mo-

tor_Area_L (SMA) increased in the SA+PT group. Specifically, the amygdala coactivated with

brain regions involved in the Prefrontal Cortex (PFC): Frontal_Sup_Orb_R (Right Superior Orbital
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Frontal Gyrus), Frontal_Mid_Orb_R (Right Middle Orbital Frontal Gyrus), Frontal_Sup_R (Right

Superior Frontal Gyrus), the Frontal_Sup_L (Left Superior Frontal Gyrus), and the Frontal_Sup_-

Medial_R (Right Superior Medial Frontal Gyrus) (Figure 12). All of these regions contribute to

higher-order cognitive processes, including decision-making, executive control, working memory,

social cognition, and emotional regulation, and they span across multiple functional networks. The

prefrontal cortex (PFC) in particular is central to goal-directed behaviour, often referred to as ”mo-

tivational control”. [305] The amygdala has been implicated in emotional conflict, which arises when

emotionally incompatible stimuli are present, for example, during the interpretation of facial expres-

sions or under conditions of uncertainty in decision-making. Evidence further suggests that the

rostral anterior cingulate gyrus plays a regulatory role by inhibiting the amygdala to resolve such

conflicts. Notably, this region was not significantly activated in the SA+PT group post-treatment,

which may suggest that physiotherapy imposes additional cognitive and emotional demands on

patients. These demands, coupled with the uncertainty inherent in motor performance tasks, might

interact with patients’ prior knowledge of the distinction between true and shamacupuncture. Thus,

emotional conflict, mediated by the amygdala, could affect motor performance as seen by the sig-

nificantly increased functional connection between the amygdala and the Left Cerebellar Crus

II (Amygdala_R-Cerebelum_Crus2_L) (Table 7). Furthermore, the SMA coactivated with both

the left and right fusiform, also significantly increased post-treatment in the SA+PT group. The

fusiform gyrus plays a role in visual search and visual mental imagery, specifically the fusiform

face area (FFA) activated when imagining faces and scenes. [306–308] Mental imagery is the pro-

cess by which a behaviour is rehearsed mentally, by imagining the actual scenario being played

out, and has been shown by fMRI studies to overlap with the actual task being performed. [309;310]

An observational study investigating 39 ischemic stroke patients with upper limb dysfunction, found

that there was a statistically significant correlation between the ability to visualize upper limb men-
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tal motor images with motor performance. [311] This is interesting, because it might suggest that

sham acupuncture and physiotherapy could modulate the brain regions involved in mental motor

imagery as seen by the involvement of SMA. A study showed that ischemic stroke patients re-

ceiving acupuncture at the GB34 acupoint had increased positive functional connectivity involving

the fusiform gyrus and the parahippocampus. [312] The parahippocampus was suggested to be in-

volved in high-level cognitive functions and was significantly decreased in the FC for the SA+PT

group in the present study. Again, showing differential effects of true acupuncture vs. sham

acupuncture. The following brain regions also showed significant increases in our study: Frontal_-

Sup_R–Temporal_Pole_Mid_L (Left Middle Temporal Pole) and Frontal_Sup_R–Olfactory_L (Left

Olfactory Cortex). The middle temporal pole functions as a semantic hub, supporting language

processing and contributing to social–emotional integration, [313] which may reflect the demands of

interpreting instructions from the physiotherapist during motor tasks. The olfactory cortex, while

primarily responsible for odor perception, is also a key substrate for the strong link between odors

and emotional memory, influencing mood, learning, and the flexible use of information across

social contexts. [314] This pattern may therefore highlight the role of emotional modulation during

sham acupuncture combined with physiotherapy.

9.1.5 Physiotherapy

Physiotherapy enhances post-stroke motor recovery, but its benefit depends on dose, timing, and

task design, where effects can be beneficial, neutral, or detrimental. [315] For example, VECTORS

reported an inverse dose-response, with higher-dose Constraint�Induced Movement Therapy

(CIMT) yielding less improvement at 90 days, [316] while AMOBES found no FMA difference be-

tween ”soft” and intensive PT. [317] Notably, both trials intervened very early (within ≤ 11 for the

former study and ≤ 3 days for the latter study), during the spontaneous-recovery window, when

training may preferentially drive compensation rather than restoration of damaged networks. [318]
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This distinction matters: (1) true neurological recovery (impairment resolution with pre-stroke mo-

tor patterns), (2) functional recovery (goal achievement despite residual impairment), and (3) com-

pensation (alternate strategies) are not equivalent. Overreliance on compensation, a ”fundamen-

tally inappropriate action”, can substitute for effective movement and cap long-term gains. [319;320]

Mechanistically, patients with unilateral deficits often develop learned non-use of the paretic limb,

where overuse of the unaffected limb and abnormal interhemispheric inhibition (excess suppres-

sion from the unaffected hemisphere) further impede recovery. [321] Intrahemispheric competition

and disinhibition of residual engrams can also hinder relearning. Critically, apparent activation

from disinhibition may reflect compensation, not true recovery. These dynamics help explain the

maladaptive patterns resulting when therapies are not administered at the appropriate time or

dose. To promote genuine recovery, PT should be engineered to counter learned non-use and re-

balance hemispheric interactions, favoring challenging, novel, and meaningful practice (not mere

repetition), at an appropriate dose and time point, to drive true neurological recovery rather than

compensatory shortcuts.

Nociception disrupts afferent (including proprioceptive) and efferent pathways, [322] thereby impair-

ing somatosensory input and inhibiting motor performance in ischemic stroke, potentially creating

a vicious cycle.

9.2 Functional Connectivity: Between-Group Differences

Post-treatment comparisons between the SA+PT and TA groups revealed only decreased func-

tional connections (Figure 13), indicating that these connections were significantly stronger in

the TA group. The affected connections primarily involved brain regions associated with motor

function, including the cerebellum. Specifically, the connections between the cerebellum and the
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left parietal lobule, as well as between the cerebellum and the left rectus gyrus, suggested that

TA modulated regions implicated in spatial awareness and decision-making, respectively. There

were substantially more significantly increased connections in the TA+PT group compared to the

SA+PT group post-treatment (Figure 14). Most of these connections involved brain regions re-

sponsible for motor control, such as the vermis and the cerebellum. Conversely, the connection

between the left olfactory cortex and the left angular gyrus significantly decreased in the TA+PT

group, supporting the within-group findings that TA combined with physiotherapy dampened activ-

ity in non-motor networks, such as the default mode network (DMN), that might otherwise interfere

with recovery.

Compared to the SA+PT group, the TA+PT group exhibited fewer significantly increased connec-

tions than the TA group, potentially indicating similar patterns of neuromodulation between the

two intervention groups (Figure 15). The TA+PT group also showed significantly increased con-

nectivity between the cerebellum and the left inferior frontal gyrus, including both the opercular

and triangular parts. This pattern further supported the involvement of brain regions required for

comprehending and responding to verbal instructions during physiotherapy, as the inferior frontal

gyrus is implicated in motor planning for speech, response inhibition, and language comprehen-

sion. In contrast, the significantly decreased connections in the TA+PT group relative to the TA

group predominantly involved the cerebellum, suggesting that enhanced activity within the inferior

frontal gyrus may have inhibited motor-related responses and thus reduced activation in regions

underlying motor execution, possibly reflecting interference from cognitive and emotional regula-

tory processes.
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9.3 Structural Connectivity

The TA group showed decreased mean FA in the Supp_Motor_Area_L-Rolandic_Oper_L, Supp_-

Motor_Area_L-Rolandic_Oper_R, and Amygdala_L-Frontal_Mid_Orb_R connections post-treatment

(Figure 16.b) compared to pre-treatment (Figure 16.a), mirroring the functional connectivity re-

sults (Table 5). In particular, the reduced FA between the right rolandic operculum and the left

SMA suggests that true acupuncture may dampen interhemispheric cross-talk.

In contrast to the FC results, interhemispheric cross-talk appeared to increase in the TA+PT

group, as reflected by higher mean FA between the Cerebelum_7b_R and Cerebelum_8_L post-

treatment (Figure 17). Without tract-tracing, the exact white matter pathway cannot be identi-

fied. However, possible explanations include indirect routes via the ascending cerebello-thalamo-

cortical and descending cortico-ponto-cerebellar tracts, or direct connections through commissural

fibers and the cerebellar vermis. [323] The SA+PT group exhibited increased FA in the Supp_-

Motor_Area_L-Rolandic_Oper_L, Amygdala_L-Frontal_Sup_Orb_R, and Amygdala_R-Frontal_-

Sup_Orb_L connections (Figure 18).

Since structural connectivity was only qualitatively assessed, the significance of these FA changes

remains uncertain. Nevertheless, the results indicate distinct microstructural effects across the

three treatment groups. A longitudinal study showed progressive FA reductions in the superior

corona radiata, cerebral peduncle, and corticospinal tract (CST) in ischemic stroke patients with

basal ganglia infarcts. [324] Supporting this, another study found widespread functional and struc-

tural disruptions in patients with basal ganglia lesions. [325] Notably, FA reductions often occur in

regions remote from the infarct, consistent with secondary white matter degeneration, the break-

down of axonal fibers distant from the lesion, either retrogradely toward the cell body or antero-

gradely (Wallerian degeneration) toward the axon terminals. [326] Despite all patients in the present
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study having basal ganglia infarcts, these findings suggest widespread structural network-level

reorganization extending beyond the lesion site.

9.4 Structural-Functional Connectivity Coupling

Although functional networks are expected to become isomorphic with structural networks over

time, this was not observed in the current study (Figure 19). Functional changes can occur in

structurally intact regions distant from the infarct. [174] While we hypothesized that functional con-

nectivity reflects structural connectivity, the reverse may also hold, with functional connectivity

existing without direct structural links. [327] This is supported by weak SC-FC coupling across all

groups (Figure 19.a-c), where highly correlated time series sometimes coincided with lower FA.

The highest absolute Fisher-Z values were expected to correlate with the highest FA values, but

this was not seen. The very weak, negative post-treatment couplingmay reflect increased flexibility

for network reorganization. A study reported altered SC-FC coupling in stroke patients, which was

lower than in controls but weakly positive, whereas ours was negative. [328] This pattern suggests

acupuncture could further promote decoupling, creating a permissive baseline for new structural

and functional connections, rather than the constraints of tightly coupled networks. Thus empha-

sizing the weak evidence for a linear relationship between functional and structural connectivity

after lesions to anatomical structures and that functional connectivity networks might rely on in-

direct structural pathways, potentially reflecting a mechanism for neuroplasticity. Another study

found negative coupling in the right middle cingulate gyrus (MCG) and paracentral lobule (PCL),

and positive coupling in the right supramarginal gyrus (SMG) and middle temporal gyrus (MTG),

indicating that individual brain regions may exhibit different coupling strengths compared to when

brain regions are grouped together. [329]
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Beyond region-specific analyses, future work should also assess SC-FC coupling at multiple time

points (e.g., 3 and 6 months) to test for a positive shift. The 3-5 week post-stroke window in

this study may have been too short for substantial structural remodeling, which takes weeks to

months, [330] whereas functional remodeling occurs within hours to days through redundant con-

nections [331] or unmasking latent pathways. [332] This interpretation is reinforced by significant cor-

relations between FMA and FC graph measures (Figures 22-26), but not SC measures (Figures

27-31), with effects limited to the SA+PT group.

9.5 Functional Graph Measures

The human brain is a complex system characterized by a small-world network topology, which has

been shown in both structural and functional networks. [147] A small-world network, is a combina-

tion of a high clustering coefficient (Cp) and short characteristic path length (Lp), defined as the

number of edges that exist between nearest neighbors (nodes) as a proportion of the maximum

number of possible connections and the minimum number of edges that need to be traversed to

go from one node to another, respectively. [157] This network topology is different from a random

network, classified by low Cp and short Lp, and regular networks classified by high Cp and long

Lp. [333] Therefore, the small-world network is a combination of a random and regular network, im-

proving the high efficiency of information transfer while minimizing wiring cost. Thus, small-world

networks maintain complex dynamics by optimizing a balance between segregation and integra-

tion. [157;334;335] Segregation is the statistical independence of neuronal groups (collective neurons

sharing inputs, outputs, and responses) or intra-domain connectivity, whereas integration is the

statistical dependence of these neuronal groups or inter-domain connectivity. [335]

Neurological insult results in disruption of this balance, which can result in the small-world network

shifting to a more random or regular network. [336;337] However, some studies showed that acute
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ischemic stroke patients and control subjects exhibited small-world network organization. [338;339]

The graph theoretical measurement, Sigma, reflects a small-world network topology when it is

more than 1, a random network topology when equal to 1, and a regular network when less than

1. In the current study, Sigma for both structural and functional data was less than 1 at baseline and

post-treatment, indicating a regular network (Table 11 and Table 15). A regular network topology

is metabolically costly as it has a high Cp and a long Lp.

Evaluating the functional connectivity graph measures in this study (Figure 20), only Lp showed

a significant post-treatment decrease in the SA+PT group after adjusting for motion (Table 11),

contrasting with the structural data for the same group. No other graph measures changed signif-

icantly. This is consistent with what was observed in a previous study, [328] where no statistically

significant differences were observed for global network properties (Cp, Lp, Eg, Eloc) for the func-

tional data and thus the only difference in our study was Lp. Interestingly, their study [328] reported

a Sigma > 1 for both structural and functional networks, whereas in our study, Sigma was < 1 for

both. Their cohort included males and females, while ours included only males. Interestingly, a

study found that males had stronger inter-network connectivity, while females showed enhanced

intra-network connectivity, with age contributing to a decline in intra-connectivity. [340] Notably, the

females show more pronounced changes.

Another study found lower Lp and higher Eg in acute stroke patients compared to controls, consis-

tent with our findings (Figure 20), and suggested a shift from small-world to random networks. [339]

In our data, mean Sigma values for FC (Table 8) were closer to 1 (0.70–0.81) than for SC that

showed a Sigma less than 0.26 (Table 15). Sigma increased in TA and TA+PT but not SA+PT,

the opposite of the SC results (Table 11). A study reported higher Cp and Lp but lower Eg and

Sigma in both left- and right-hemisphere infarcts compared to controls. [338] This pattern contrasted

with our findings, except in the SA+PT group, where non-significant trends in Cp (increasing) and
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Sigma (decreasing) aligned with their results. Moreover, Cp in the TA group increased significantly

post-treatment compared to baseline. At baseline, only Lp differed significantly across groups (Ta-

ble 12), with the SA+PT group showing higher Lp than both the TA and TA+PT groups (Figure

14).

9.6 Structural Graph Measures

A study that investigated structural connectivity showed that Lp significantly increased in the stroke

patients compared to the control subjects, [328] which is similar to the Lp in the SA+PT and TA+PT

group in our study, which increased post-treatment compared to pre-treatment, but not significantly

(Figure 21 and Table 15). On the other hand, in their study stroke patients showed a significant

decrease in global efficiency (Eg). In our study, the SA+PT group demonstrated a similar trend

toward reduced Eg, although this did not reach statistical significance. This might suggest a de-

crease in integration. Additionally, the TA group showed an opposite trend to the SA+PT group

for both the Lp and Eg graph measures in our study, decreasing and increasing, respectively.

The significantly increased Lp in the SA+PT group compared to the TA and TA+PT groups (Table

17) might indicate a shift towards a highly integrated network, which is metabolically costly. This

is in contrast to the significantly decreased Lp for the same group in the FC results (Table 11).

This suggests that FC might reflect network segregation compared to integration in the SC net-

work. Additionally, the increased Lp and Cp in this group are characteristic of a regular network,

further suggesting abnormal network topology (Table 15). The decreased Lp and significantly in-

creased Cp in the TA group might suggest that true acupuncture could balance segregation and

integration, by increasing communication between local neuronal groups and reducing wiring cost,

respectively. The significantly increased Eloc in the TA group after adjusting for motion further sup-
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ports this, by indicating a more segregated network of intra-domain connectivity. This could occur

by using alternative white matter pathways still intact after the ischemic infarct. [341]

Unexpectedly, Sigma significantly decreased post-treatment for the TA group after correcting for

motion (Figure 21), which was expected to increase due to increased Cp and decreased Lp.

Sigma is calculated as the ratio of the normalized Cp to the normalized Lp. [342] However, the

changes might not have been sufficient for an increase in Sigma. Importantly, the normalized

graph measures were not investigated separately in this study, and thus, the influence of Cp and

Lp on sigma can only partially be explained. Interestingly, the significantly increased sigma post-

treatment in the SA+PT group (Table 17) was still lower compared to the sigma pre-treatment in

the TA group (Table 16). Even though patients were randomized into treatment arms and had

moderate stroke, the patients in the SA+PT group could have been more susceptible to ischemic

stroke as a result of their different physiology, which would require broader network changes to

return to homeostasis. [144;343] The significantly lower baseline levels of Cp, Sigma and Eloc in the

SA+PT group could explain the greater changes observed post-treatment, compared to the TA

and TA+PT groups (Table 16+18). Additionally, SC changes may reflect the vulnerability of white

matter to damage and the extensive reorganization after treatment. [344–346] Alternatively, the larger

sample size in the SA+PT group (n = 8), compared with the TA (n = 5) and TA+PT (n = 6) groups,

may have provided greater statistical power to detect these changes. In contrast, the TA+PT group

showed little to no post-treatment differences across graph measures (Table 15). At baseline, Eg

was significantly higher in the TA+PT group than in the TA group after adjusting for motion, which

may explain the relative stability of post-treatment values (Tables 16 and 18). Additionally, it

could indicate a ceiling effect. [347] Because neuroplasticity can extend beyond 6 months, [348] any

“ceiling” here likely reflects statistical limits (e.g., small sample) rather than physiology. The FMA

gains (Figure 32) further argue against a physiological ceiling.
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By contrast, the smaller FC changes may indicate greater flexibility, as indirect white matter path-

ways can compensate for damaged ones, allowing adaptation without major functional alterations.

Previous studies focusing on the acute stage, likely captured transitions from small-world to ran-

dom or regular networks, whereas our subacute/chronic cohort suggests patients had already

shifted to a regular network, no longer reflecting small-worldness. This raises the possibility that

brain reorganization during neuroplasticity involves transitioning from small-world to random, then

to regular networks, and eventually back to small-world. Acupuncture may modulate this process,

as suggested by Han et al, [174] who reported increased Cp and Eloc, also seen for both FC (Fig-

ure 20.a+e) and SC networks (Figure 21.a+e) across all treatment groups in our data, though not

significantly. Their subacute cohort (all right-hemispheric infarcts) showed a shift toward random

networks, which acupuncture might help reorganize, though again not significantly. Additionally,

the increased Cp and Eloc might indicate that these networks are slowly becoming more segre-

gated, favouring intra-domain communication.

Overall, SC shows a compromised segregation-integration balance, as evidenced by a very low

Sigma. In contrast, FC Sigma values near 1 suggest that acupuncture may better improve this

balance and promote a shift from regular to random organization. Random networks are preferred,

as regular networks exhibit longer characteristic path lengths and greater metabolic costs; moving

Sigma closer to 1 enhances the efficiency of information transfer. Given the 3-week regimen,

longer interventions with longitudinal assessments are needed to test a sustained change.

9.7 Correlation Between FMA and Graph Measures

The significant associations between functional graph theoretical measures and FMA, but not

structural measures, suggest that FC may serve as a more sensitive biomarker of motor recovery
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in ischemic stroke patients (Figures 22–26). In particular, Cp, Lp, Eg, and Eloc were significantly

correlated with FMA, though only within the SA+PT group (n=16). This finding implies that func-

tional graph measures may have predictive value for motor outcome gains. Specifically, positive

correlations were observed for Cp, Eg, and Eloc, consistent with a network becoming more effi-

cient and balancing integration and segregation. The expected inverse relationship seen for Lp

further supports this. The absence of a significant association with Sigma further supports the

interpretation that the network is shifting from a more regular to a more random topology. The

restriction of significant results to the SA+PT group may reflect the larger sample size compared

to TA (n=10) and TA+PT (n=12).

9.7.1 Fugl-Meyer Assessment (FMA) Changes

Motor impairment is the most common complication after ischemic stroke and rehabilitation is

performed to improve motor outcomes. [349] Fugl-Meyer Assessment (FMA) is the first quantitative

method to measure sensorimotor stroke recovery in hemisplegic patients. [187]

The FMA for Upper Extremity (FMA-UE) and Lower Extremity (FMA-LE) is widely recommended

as a primary outcome measure of motor recovery in stroke patients. [350] The FMA-UE evaluates

motor function across 33 tasks involving the shoulder and upper arm to wrist and hand. In contrast,

the FMA-LE assesses movement across major lower-limb joints, including the hip, knee, ankle,

and associated reflexes, through 16 tasks, each rated on a 3-point scale ranging from 0 (no active

motion) to 2 (normal motion). In this study, the FMA was analyzed as a total motor score rather

than separating upper and lower extremity subscores. Previous work has shown no significant

difference in the rate of recovery between upper and lower extremities. [351] Furthermore, FMA

is widely regarded as the gold standard for quantifying motor recovery and determining stroke

severity. [352] Severity is often categorized as severe (FMA-UE < 30), moderate (30 ≤ FMA-UE ≤

45), and mild (FMA-UE > 45). [353] Applying these thresholds, all patients in the present study would
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fall into the severe category, as the mean FMA scores did not exceed 30, with the lowest mean

score observed before treatment (19.17). However, because this study reported only the total

FMA rather than separate extremity scores, direct comparison with these categories is limited.

The total FMA scores significantly increased post-treatment for all three treatment groups (Figure

32). Despite no significant differences between the groups post-treatment, the TA+PT group had

the greatest change in FMA. This pattern is reflected in the group that began with a mean FMA

comparable to the SA+PT group but, after three weeks, achieved higher mean scores than both

the TA and SA+PT groups. These findings suggest a potential additive benefit of combining true

acupuncture with physiotherapy.

In another study of first-ever ischemic stroke, adding electroacupuncture (EA) to physiotherapy

(PT) produced significantly larger FMA gains than physiotherapy alone at 2 weeks, 4 weeks, and

3 months, but not at 6 months. [354] The total FMA (combined FMA-UE and FMA-LE) in their EA+PT

arm rose from 16.2 at 2 weeks to 34.7 at 3 months. In our cohort, the total post-treatment mean

FMA after 3 weeks was >25; the TA+PT group averaged 30, exceeding their EA+PT group’s

27.4 at 4 weeks. A likely contributor is protocol intensity: we delivered 5 sessions/week for 3

weeks (acupuncture + physiotherapy), whereas they provided 2 sessions/week (8 sessions over

a month). They also investigated Chinese patients with older mean ages (EA+PT: 68.8; PT-only:

70.7) compared with our sample (TA: 52.40; TA+PT: 63.83; SA+PT: 54.75; all <65). Thus, we can

speculate that combining EA with manual acupuncture (MA) and using six acupoints (vs five in

their protocol, with GB34 in common), along with a higher treatment dose and a younger sample,

may underlie our larger early FMA gains.

Notably, we did not assess differences by education level, pre-morbid social activity, or smok-

ing, which could influence outcomes. [355;356] A notable observation was that the Functional In-

145



9.7.1 Pearly Joubert

dependence Measure (FIM) did not show a significant improvement when comparing EA+PT to

PT alone. [354] The FIM assesses functional domains such as self-care, mobility, locomotion, and

social cognition. Accordingly, improvement in motor function as measured by the FMA does not

necessarily translate to improved functionality. This highlights a limitation of our study, as no as-

sessment for functional independence was performed. Nevertheless, the improved FMA scores

and the distinct neural correlates observed across the three treatment groups represent a first step

toward reducing reliance on daily assistance and returning to pre-stroke conditions.
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Conclusion

Overall, this study successfully showed differential neural correlates across first-ever male is-

chemic stroke patients, randomized into three treatment groups: 1) True Acupuncture (TA), 2)

TA and Physiotherapy (PT), and 3) PT and Sham Acupuncture (SA, a placebo or non-acupoint

acupuncture). True acupuncture (TA) alone may preferentially allocate resources to motor path-

ways, without the sensory competition introduced by physiotherapy. Delivered during sponta-

neous recovery, TA could synergize with endogenous plasticity, potentially modulating corticothalamic-

basal ganglia circuits involving the thalamus, caudate, and hippocampus. The increased SMAwith

its role in motor timing and inhibition, might prevent the inhibition of already compromised motor

circuits. In contrast, adjunctive acupuncture compared to TA alone may impose greater cognitive,

sensory, and psychological load, as well as nociception, common post-stroke, which can further

hinder motor recovery. These additional demands likely stem from the need to process instruc-

tions, engage higher-order cognitive functions, and execute motor decisions.

When combined, TA+PT appears to suppress competing neural circuits characteristic of emotional

conflict, such as the LPNN involved in nociception and depression-like states, thereby redirecting

resources toward sensorimotor processing and motor learning. This may explain why the TA+PT

group achieved the greatest change in FMA values. Integrated networks, while useful for complex

cognitive tasks, are metabolically costly and may induce cognitive fatigue. The increased Cp and

Eloc, might suggest that adjunctive acupuncture mediates the balance between segregation and

integration. Additionally, increased Sigma values for FC compared to SC, significant correlations
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between the FC graph measures and FMA as well as interhemispheric connections, highlight

functional reorganization beyond structural constraints, possibly involving indirect pathways or

disinhibition mechanisms.

By contrast, SA+PT may lack sufficient neuromodulatory effects to inhibit nociceptive circuits or

engage the endocannabinoid system, seen by the increased connections with the amygdala. How-

ever, this remains speculative as molecular markers were not studied. In contrast to the TA group,

connections in the SA+PT group involved the SMA, with the fusiform gyrus, implicating the role

of sham acupuncture combined with physiotherapy in mental motor imagery. The involvement of

brain regions in the prefrontal cortext such as the superior frontal gyrus, might further support the

emotional and cognitive demands of physiotherapy. Consequently, recovery in this group may

be limited compared to TA and TA+PT. Nevertheless, all groups exhibited FMA gains, indicating

convergent behavioral improvements despite divergent neural circuit engagement. Whether these

gains reflect true neurological recovery, functional recovery without structural repair, or compen-

satory mechanisms remains uncertain. Function can improve without reduced impairment, and

lesion repair does not always translate to restored function. [357;358]

Importantly, psychosomatic responses to acupuncture could not be fully ruled out. Still, our findings

demonstrate distinct neural substrates modulated by TA, TA+PT, and SA+PT. This differentiation

has important implications for clinical decision-making, suggesting that integrating acupuncture

with physiotherapy may optimize rehabilitation outcomes in ischemic stroke patients by leveraging

both endogenous plasticity and circuit-specific neuromodulation.
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Limitations and Recommendations

The current study have multiple limitations, with an important one being the small sample size,

which could increase the risk of type I and type II errors, resulting in false positives and false

negatives, respectively. The small sample size also reduced the statistical power of ANCOVA,

reducing the ability to detect true effects when they exist and thus might fail to reject false null

hypotheses. Correcting for multiple covariates in a small sample size can result in overfitting,

where the model can fit to noise and therefore, no more than one covariate was corrected at a

given time. However, excluding covariates can result in biased estimates, where the observed

effect is attributed to the independent variable instead of the uncorrected cofounder.

The assumptions of the ANCOVA test were: normality, linearity, homogeneity of regression slopes,

homogeneity of variance, and multicollinearity. The assumption of homogeneity of regression

slopes was violated for the graph theoretical measures. However, a study found that ANCOVA

is robust and can obviate violations such as homogeneity of variance, normality and even homo-

geneity of regression slopes. [359] Nevertheless, the small and unequal sample sizes in this study

could make the ANCOVA less robust. Indeed, another study found that ANCOVA does not main-

tain its robustness under violation of normality and homogeneity of regression slopes when the

sample sizes are unequal. [360] Thus, emphasising the caution when interpreting the results in this

study. Moreover, outliers detected were not removed but rather winsorized to preserve the sam-

ple size. Winsorizing is a robust procedure to reduce the influence of outliers on the mean and

the variance without reducing the degrees of freedom. [361] Future studies should include larger
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sample sizes to increase statistical power. A depression score was not used in this study, which

could aid in interpreting the result, as poststroke depression has been shown to influence motor

recovery. [269;362] A future study could use the 24-item Hamilton depression rating scale to distin-

guish patients with mild depression from those with moderate depression. Cognitive tests were

not done, and thus we can only infer that the physiotherapy was cognitively more demanding than

TA alone, by the increased brain regions involved in higher cognitive processes. Future studies

can make use of the NASA Task Load Index (NASA-TLX) to determine the cognitive, physical, and

emotional demands during a task to rate their experience. [363] The total FMA was a combination of

upper and lower motor improvement, but future studies could include both to better understand the

neural mechanisms involved. The brain regions investigated to understand the structural connec-

tivity relied on the brain regions involved in significant functional connections, which might have

excluded white matter changes. Future studies should do structural connectivity analysis indepen-

dent of functional connectivity analysis. Alternatively, structural connectivity should be used as a

confounder in functional data to control for white matter damage caused by stroke and determine

the unique contributions of FC to motor recovery. [364] Importantly, a control group was not used

for the structural and functional data, which could help to understand how graph measures differ

in ischemic stroke patients compared to non-ischemic stroke patients.

FA was used as an indirect measure of white matter injury or repair. White matter voxels contain

multiple fibers with complex geometries and different orientations. FA makes use of the principal

eigenvector and assumes dominant fiber orientation. However, the diffusion profile of crossing

fibers cannot be captured by a single eigenvector, and the FA value would be lower as the com-

bination of fibers in different orientations would make diffusion of water molecules seem more

isotropic. [365] Thus making the FA an underestimation of the actual microenvironment. Future

studies could use MD, which is the mean apparent diffusion along three tensor dimensions and
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is more robust in capturing complex fiber geometries. Alternatively, diffusion kurtosis imaging

(DKI) [366] or neurite orientation dispersion and density imaging (NODDI) [367] can be used, which

can better resolve crossing fibers and estimate angular variability between neurites, respectively.

DWI are acquired using Echo-planar imaging (EPI), which results in geometric distortions along

the phase encoding directions caused by b0 field inhomogeneities. [214] These distortions manifest

as “signal pile-up” due to compressions, which results in dilutions in other areas of the image. Dif-

feomorphic Registration for Blip-Up blip-Down Diffusion Imaging (DR-BUDDI) is a robust method

to correct these distortions; however, it requires reverse phase encoding gradients. Unfortunately,

we did not have these gradients and could not use DR-BUDDI. This is a major limitation and could

severely affect the structural connectivity data. It has been proposed that field maps be used,

which we also did not have. Additionally, it has been proposed to use T1 and T2 weighted im-

ages; [368;369] however, this is advised against as it resulted in abnormal anatomy of the white

matter pathways. [214] Future studies could ensure acquisition of phase encoding gradients in the

opposite direction or use deep learning approaches such as 3D U-nets to synthesize undistorted

field maps that match the geometry of T1w images and intensity of the contrast in diffusion im-

ages. [370] Similarly, field maps were not acquired for the rs-fMRI data, preventing correction for

susceptibility-induced distortions. [371] As a result, geometric misalignment may occur, leading to

biased region-specific analyses and reduced sensitivity in detecting functional connectivity. Only

male subjects’ data were analyzed, and thus the results can not be generalized to the popula-

tion. [372] Sex differences are potentially due to differential endocrine systems and the influence

of different hormones on pain modulation. [373] Additionally, manual and electroacupuncture have

shown different effects in males compared to females. [374] Previous studies have separated is-

chemic stroke patients into left- and right-hemisphere infarct groups to distinguish ipsilateral from

contralateral neural repair. [338] In the present study, however, the small sample size precluded fur-
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ther subdivision of participants. Patients with a left hemispheric infarct may demonstrate different

recovery patterns compared to those with right-sided infarcts, particularly since all participants in

this study were right-handed. [375] Thus, lesion side could represent a potential confounder. How-

ever, because this analysis was conducted at the whole-brain network level rather than using a

voxel-wise approach, lesion side was not explicitly controlled for. Future studies with larger sample

sizes should stratify patients by hemisphere of infarct and examine how handedness and lesion

laterality interact to influence motor recovery.

Additionally, pain scores were not recorded, and even though they might be subjective would aid in

understanding the effect of expectations as the patients and acupuncturists were not blinded in this

study, which could result in bias. [303] The Numeric Rating Scale (NRS) or the McGill Pain Ques-

tionnaire can be used to assess the level of pain. [376;377] Prior experience with acupuncture may

influence rehabilitation outcomes, as patients familiar with the practice, such as many Chinese

patients, are more likely to distinguish true acupuncture from sham procedures and may hold spe-

cific expectations regarding its effects. [378] While this concern may be less pronounced in Western

populations, where acupuncture is not part of routine care and general knowledge of the practice

is limited, rigorous blinding of both patients and practitioners should nonetheless be prioritized to

minimize expectancy effects and performance bias. Lastly, the so-called “smoking paradox” has

been reported in clinical studies, suggesting that stroke patients who smoke may experience bet-

ter outcomes following thrombolytic therapy compared to non-smokers. [379] However, more recent

evidence indicates that smoking is not associated with neurological improvement during hospital-

ization or with favorable functional outcomes at 3 months after acute ischemic stroke. [380] Data

on smoking status were not available in the present study, and future work should incorporate

this information alongside other important social determinants, such as socioeconomic status and

education level. [381]
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Chapter 12

Appendices

12.1 Appendix A: FC Processing Steps and QC

Figure 33: Basic information for set-up in the CONN Toolbox.

12.1.1 AAL116 Atlas
Table 25: AAL116 brain regions and their coordinates. This table lists the 116 brain regions defined by
the Automated Anatomical Labeling (AAL116) atlas, used for structural and functional connectivity analysis.
Columns include: (1) Region ID, the abbreviated identifier for the brain region; (2) Region Name, the
full anatomical name; (3) X, (4) Y, and (5) Z, the MNI coordinates of the region’s center of mass. Data are
ordered as per the AAL116 atlas specification and are used for mapping structural and functional connectivity
measures, such as Fractional Anisotropy (FA), in neuroimaging studies.

Region ID Region Name X Y Z

Precentral_L Precentral gyrus (Left) -40 -6 51
Precentral_R Precentral gyrus (Right) 40 -8 52
Frontal_Sup_L Superior frontal gyrus, dorsolateral (Left) -19 35 42
Frontal_Sup_R Superior frontal gyrus, dorsolateral (Right) 20 31 44
Frontal_Sup_Orb_L Superior frontal gyrus, orbital part (Left) -18 47 -13
Frontal_Sup_Orb_R Superior frontal gyrus, orbital part (Right) 17 48 -14
Frontal_Mid_L Middle frontal gyrus (Left) -34 33 35
Frontal_Mid_R Middle frontal gyrus (Right) 37 33 34
Frontal_Mid_Orb_L Middle frontal gyrus orbital part (Left) -32 50 -10
Frontal_Mid_Orb_R Middle frontal gyrus orbital part (Right) 32 53 -11
Frontal_Inf_Oper_L Inferior frontal gyrus, opercular part (Left) -49 13 19
Frontal_Inf_Oper_R Inferior frontal gyrus, opercular part (Right) 49 15 21
Frontal_Inf_Tri_L Inferior frontal gyrus, triangular part (Left) -47 30 14
Frontal_Inf_Tri_R Inferior frontal gyrus, triangular part (Right) 49 30 14
Frontal_Inf_Orb_L Inferior frontal gyrus, orbital part (Left) -37 31 -12
Frontal_Inf_Orb_R Inferior frontal gyrus, orbital part (Right) 40 32 -12
Rolandic_Oper_L Rolandic operculum (Left) -48 -8 14
Rolandic_Oper_R Rolandic operculum (Right) 52 -6 15
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Table 25: (Continued)

Region ID Region Name X Y Z

Supp_Motor_Area_L Supplementary motor area (Left) -6 5 61
Supp_Motor_Area_R Supplementary motor area (Right) 8 0 62
Olfactory_L Olfactory cortex (Left) -9 15 -12
Olfactory_R Olfactory cortex (Right) 8 16 -11
Frontal_Sup_Medial_L Superior frontal gyrus, medial (Left) -6 49 31
Frontal_Sup_Medial_R Superior frontal gyrus, medial (Right) 8 51 30
Frontal_Med_Orb_L Superior frontal gyrus, medial orbital (Left) -6 54 -7
Frontal_Med_Orb_R Superior frontal gyrus, medial orbital (Right) 7 52 -7
Rectus_L Gyrus rectus (Left) -6 37 -18
Rectus_R Gyrus rectus (Right) 7 36 -18
Insula_L Insula (Left) -36 7 3
Insula_R Insula (Right) 38 6 2
Cingulum_Ant_L Anterior cingulate and paracingulate gyri (Left) -5 35 14
Cingulum_Ant_R Anterior cingulate and paracingulate gyri

(Right)
7 37 16

Cingulum_Mid_L Median cingulate and paracingulate gyri (Left) -6 -15 42
Cingulum_Mid_R Median cingulate and paracingulate gyri (Right) 7 -9 40
Cingulum_Post_L Posterior cingulate gyrus (Left) -6 -43 25
Cingulum_Post_R Posterior cingulate gyrus (Right) 6 -42 22
Hippocampus_L Hippocampus (Left) -26 -21 -10
Hippocampus_R Hippocampus (Right) 28 -20 -10
ParaHippocampal_L Parahippocampal gyrus (Left) -22 -16 -21
ParaHippocampal_R Parahippocampal gyrus (Right) 24 -15 -20
Amygdala_L Amygdala (Left) -24 -1 -17
Amygdala_R Amygdala (Right) 26 1 -18
Calcarine_L Calcarine fissure and surrounding cortex (Left) -8 -79 6
Calcarine_R Calcarine fissure and surrounding cortex

(Right)
15 -73 9

Cuneus_L Cuneus (Left) -7 -80 27
Cuneus_R Cuneus (Right) 13 -79 28
Lingual_L Lingual gyrus (Left) -16 -68 -5
Lingual_R Lingual gyrus (Right) 15 -67 -4
Occipital_Sup_L Superior occipital gyrus (Left) -18 -84 28
Occipital_Sup_R Superior occipital gyrus (Right) 23 -81 31
Occipital_Mid_L Middle occipital gyrus (Left) -33 -81 16
Occipital_Mid_R Middle occipital gyrus (Right) 36 -80 19
Occipital_Inf_L Inferior occipital gyrus (Left) -37 -78 -8
Occipital_Inf_R Inferior occipital gyrus (Right) 37 -82 -8
Fusiform_L Fusiform gyrus (Left) -32 -40 -20
Fusiform_R Fusiform gyrus (Right) 33 -39 -20
Postcentral_L Postcentral gyrus (Left) -43 -23 49
Postcentral_R Postcentral gyrus (Right) 40 -25 53
Parietal_Sup_L Superior parietal gyrus (Left) -24 -60 59
Parietal_Sup_R Superior parietal gyrus (Right) 25 -59 62
Parietal_Inf_L Inferior parietal, but supramarginal and angular

gyri (Left)
-44 -46 47

Parietal_Inf_R Inferior parietal, but supramarginal and angular
gyri (Right)

45 -46 50

SupraMarginal_L Supramarginal gyrus (Left) -57 -34 30
SupraMarginal_R Supramarginal gyrus (Right) 57 -32 34
Angular_L Angular gyrus (Left) -45 -61 36
Angular_R Angular gyrus (Right) 45 -60 39
Precuneus_L Precuneus (Left) -8 -56 48
Precuneus_R Precuneus (Right) 9 -56 44
Paracentral_Lobule_L Paracentral lobule (Left) -9 -25 70
Paracentral_Lobule_R Paracentral lobule (Right) 6 -32 68
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Table 25: (Continued)

Region ID Region Name X Y Z

Caudate_L Caudate nucleus (Left) -12 11 9
Caudate_R Caudate nucleus (Right) 14 12 9
Putamen_L Lenticular nucleus, putamen (Left) -25 4 2
Putamen_R Lenticular nucleus, putamen (Right) 27 5 2
Pallidum_L Lenticular nucleus, pallidum (Left) -19 0 0
Pallidum_R Lenticular nucleus, pallidum (Right) 20 0 0
Thalamus_L Thalamus (Left) -12 -18 8
Thalamus_R Thalamus (Right) 12 -18 8
Heschl_L Heschl gyrus (Left) -43 -19 10
Heschl_R Heschl gyrus (Right) 45 -17 10
Temporal_Sup_L Superior temporal gyrus (Left) -54 -21 7
Temporal_Sup_R Superior temporal gyrus (Right) 57 -22 7
Temporal_Pole_Sup_L Temporal pole: superior temporal gyrus (Left) -41 15 -20
Temporal_Pole_Sup_R Temporal pole: superior temporal gyrus (Right) 47 15 -17
Temporal_Mid_L Middle temporal gyrus (Left) -57 -34 -2
Temporal_Mid_R Middle temporal gyrus (Right) 56 -37 -1
Temporal_Pole_Mid_L Temporal pole: middle temporal gyrus (Left) -37 15 -34
Temporal_Pole_Mid_R Temporal pole: middle temporal gyrus (Right) 43 15 -32
Temporal_Inf_L Inferior temporal gyrus (Left) -51 -28 -23
Temporal_Inf_R Inferior temporal gyrus (Right) 53 -31 -22
Cerebelum_Crus1_L Cerebelum_Crus1_L -36 -67 -29
Cerebelum_Crus1_R Cerebelum_Crus1_R 37 -67 -30
Cerebelum_Crus2_L Cerebelum_Crus2_L -29 -73 -38
Cerebelum_Crus2_R Cerebelum_Crus2_R 32 -69 -40
Cerebelum_3_L Cerebelum_3_L -9 -37 -19
Cerebelum_3_R Cerebelum_3_R 12 -34 -19
Cerebelum_4_5_L Cerebelum_4_5_L -15 -43 -17
Cerebelum_4_5_R Cerebelum_4_5_R 17 -43 -18
Cerebelum_6_L Cerebelum_6_L -23 -59 -22
Cerebelum_6_R Cerebelum_6_R 25 -58 -24
Cerebelum_7b_L Cerebelum_7b_L -33 -60 -43
Cerebelum_7b_R Cerebelum_7b_R 35 -64 -47
Cerebelum_8_L Cerebellum_8_L -26 -55 -48
Cerebelum_8_R Cerebellum_8_R 25 -56 -49
Cerebelum_9_L Cerebellum_9_L -11 -49 -46
Cerebelum_9_R Cerebellum_9_R 9 -49 -46
Cerebelum_10_L Cerebellum_10_L -23 -34 -42
Cerebelum_10_R Cerebellum_10_R 26 -34 -41
Vermis_1_2 Vermis_1_2 1 -39 -20
Vermis_3 Vermis_3 1 -40 -11
Vermis_4_5 Vermis_4_5 1 -52 -6
Vermis_6 Vermis_6 1 -67 -15
Vermis_7 Vermis_7 1 -72 -25
Vermis_8 Vermis_8 1 -64 -34
Vermis_9 Vermis_9 1 -55 -35
Vermis_10 Vermis_10 0 -46 -32
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(a) Anterior view (b) Superior view

(c) Left view (d) Right view

Figure 34: 3D surface projections of the AAL116 atlas in CONN toolbox using the random activation colormap. (A) Anterior,
(B) Superior, (C) Left, and (D) Right views showing the spatial distribution of 116 brain regions. The color bar indicates region-specific
colors, with names listed in Appendix A (Table 22) in the same order as the table and color scheme (starting from region 1). ”L” indicates
the left hemisphere, and ”R” indicates the right hemisphere.
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Figure 35: Montage of structural scans (T1) for all 19 subjects before and after treatment

Figure 36: Montage of rs-fMRI scans for all 19 subjects before and after treatment
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Figure 37: Inspection of T1 registration to MNI space.
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Figure 38: Making sure the rs-fMRI data loaded correctly.
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Figure 39: Inspection of rs-fMRI to T1 space
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Figure 40: Inspection of rs-fMRI to MNI space
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Figure 41: Inspection of anatomical overlay

Figure 42: Inspection of MNI overlay

Figure 43: CONN toolbox set-up for condition 1 (MRI data before treatment intervention).
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Figure 44: CONN toolbox set-up for condition 2 (MRI data after treatment intervention).

Figure 45: First-level covariates
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Figure 46: Quality Control (QC) pipeline used in the CONN toolbox. [218]
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Figure 47: Quality assurance plot of functional connectivity distribution across sessions. This figure displays the distribution
of functional connectivity values (r) for all subjects in Session 1 (before) and Session 2 (after), across all treatment groups. The plot
compares the distribution before and after denoising. Post-denoising, the functional connectivity values exhibit a closer alignment to a
Gaussian distribution, indicating improved data quality.
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Table 26: Hypotheses and statistical tests for between-subject effects in functional connectivity analysis using the CONN toolbox. The analysis evaluates differences across
conditions (before vs. after) for each treatment group: TA (n=5), TA+PT (n=6), SA+PT (n=8). Each hypothesis is represented by contrast vectors, where 1s indicate the variables of
interest being tested, 0s denote covariates adjusted for (e.g., age, motion), and negative signs (e.g., -1) specify the direction of the comparison.

Analysis Type Subject Effects Conditions[Between-Subjects Contrast] [Between-Conditions Contrasts]

Hypothesis: Differences in the TA group after compared to before treatment
ANCOVA covariate control TA, Age, Motion [1 0 0] Pre, Post [−1 1]
Hypothesis: Differences in the TA+PT group after compared to before treatment
ANCOVA covariate control TA+PT, Age, Motion [1 0 0] Pre, Post [−1 1]
Hypothesis: Differences in the SA+PT group after compared to before treatment
ANCOVA covariate control SA+PT, Age, Motion [1 0 0] Pre, Post [−1 1]
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12.2 Appendix B: Scripts for Processing DWI Data.
12.2.1 dcm2nii Command: Converting DICOM Images to NifTI Images.
#!/bin/bash

# --- Get current username ---
user=`whoami`

# --- Define base directory containing subject data ---
base=/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/SA+PT/BEFORE

# --- Navigate to base directory ---
cd $base

# List directories ending with '-1' (assumed subject/session IDs)
input_dir=`ls -1 -d *-1`

# --- Loop through each subject/session directory ---
for dir_index in $input_dir
do

# Define the output directory for converted NIfTI files
output_dir=$base/*_nifti/dcm2niix

# Convert DICOM to NIfTI using dcm2niix
# -o : output directory
# Last argument : input DICOM directory
dcm2niix -o $output_dir $base/$input_dir

done

12.2.2 Motion Parameter Extraction from DWI Data.

# Run motion correction on the input data and generate transformation matrices, plots,
and RMS values

mcflirt -in input_data.nii.gz -out output_data -mats -plots -rmsrel -rmsabs -report

awk 'BEGIN {
max = 0 # Initialize maximum displacement to zero

}
{

# Compute Euclidean norm (displacement) of first six fields
displacement = sqrt($1^2 + $2^2 + $3^2 + $4^2 + $5^2 + $6^2)
# Update max if current displacement is larger
if(displacement > max) max = displacement

} END {
# Print the maximum displacement found
print max

}' dwi_1.par

12.2.3 Motion Estimates in DWI Data
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Figure 48: Motion estimates in subject 5 of the TA group post-treatment.

12.2.4 Linux Code to Import Data to TORTOISE.
#!/bin/bash

# --- Print status message ---
echo "VARIABLES...."

# Get current username
user=`whoami`

# --- Define paths ---
# Path to TORTOISE ImportNIFTI executable
base_import=/usr/local/TORTOISE_V3.1.4/DIFFPREPV314/bin/bin
# Base directory containing the subject data
base=/home/pearly/researchdata_mri/UserFolders/Pearly/TRUE_ACU/BEFORE

# --- Navigate to base directory ---
cd $base

# List directories ending with '27-1' (assumed to be subject/session IDs)
input_dir=`ls -1 -d *27-1`

# --- Loop through each subject/session directory ---
for dir_index in $input_dir
do

# Path to the anatomical (ANATOM) folder inside the subject directory
base_diff=$base/$dir_index/dcm2niix/ANATOM

# Print status update
echo "Importing TA BEFORE group data to TORTOISE"

# Run TORTOISE ImportNIFTI to import NIfTI + bval/bvec files
# -i : input NIfTI file
# -b : b-values
# -v : b-vectors
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# -p : phase encoding direction (here, 'vertical ')
$base_import/./ImportNIFTI -i $base_diff/*_8.nii -b $base_diff/*.bval -v

$base_diff/*.bvec -p vertical
done

12.2.5 Script to Run Auto ACPC Detect.
#!/bin/bash

# --- Print status message ---
echo "VARIABLES...."

# Get current username
user=`whoami`

# --- Set environment variable for ARTHOME ---
export ARTHOME=/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/art

# --- Define base directories ---
# Path to subject data
base=/home/pearly/researchdata_mri/UserFolders/Pearly/TRUE_ACU/AFTER
# Path to TORTOISE ACPC detect binary
acpc=/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/bin

# --- Navigate to base directory ---
cd $base

# List directories ending with '2' (assumed subject/session IDs)
input_dir=`ls -1 -d *2`

# --- Loop through each subject/session directory ---
for dir_index in $input_dir
do

# Path to anatomical (ANATOM) folder inside the subject directory
base_detect=$base/$dir_index/dcm2niix/ANATOM

# Run ACPC detect on the T1-weighted NIfTI image
$acpc/./acpcdetect -i $base_detect/T1.nii

done

12.2.6 DIFF_PREP Command in TORTOISE Software.
#!/bin/bash

# Get current username
user=`whoami`

# --- Define base paths ---
base_import=/usr/local/TORTOISE_V3.1.4/DIFFPREPV314/bin/bin
base_diffprep=/usr/local/TORTOISE_V3.1.4/DIFFPREPV314/bin/bin
base=/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/SA+PT/BEFORE
base_drbuddi=/usr/local/TORTOISE_V3.1.4/DRBUDDIV314/bin
base_diff_calc=/usr/local/TORTOISE_V3.1.4/DIFFCALC/DIFFCALCV314

# --- Navigate to base directory ---
cd $base

# List directories ending with 'nifti2'
input_dir=`ls -1 -d *nifti2`
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# --- Loop through each subject/session directory ---
for dir_index in $input_dir
do

# Path to anatomical folder
base_diff=$base/$dir_index/dcm2niix/ANATOM

# Print processing step
echo " ############# DIFFPREP for PA direction ##################"

# Run DIFFPREP
# -i : input list file
# -s : secondary image (T2-weighted)
# -r : reference image (T1 in RAS orientation)
$base_diffprep/./DIFFPREP -i $base_diff/*_proc/*.list -s $base_diff/T2.nii -r

$base_diff/T1_RAS.nii
done

Figure 49: Visualization of the diffusion data after basic preprocessing to spot intensity outliers, signal dropouts, motion
artifacts, or slices with unusually high/low intensity.
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Figure 50: QCoverlay of FA (fractional anisotropy) andMD (mean diffusivity) maps after running fat_proc_dwi_to_dt command
to check that tensor-derived maps look anatomically plausible.
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12.2.7 Grad FlipTest and fat_proc_dwi_to_dt Command to Calculate the Diffusion Tensor
Parameters.

#!/bin/bash

# Define input file paths for DWI data and TORTOISE matrix
IN="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE/MRKY128 -1

_nifti2/dcm2niix/ANATOM/MRKY128 -1_ep2d_diff_mddw64_2mm_20230306130851_6_proc/
LPI_DMC.nii"

IN_TORT="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE/
MRKY128 -1_nifti2/dcm2niix/ANATOM/MRKY128 -1
_ep2d_diff_mddw64_2mm_20230306130851_6_proc/LPI_DMC.bmtxt"

# Define output file path for gradient flip test results
OUT="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE/MRKY128 -1

_nifti2/dcm2niix/ANATOM/MRKY128 -1_ep2d_diff_mddw64_2mm_20230306130851_6_proc/
Gradflip.txt"

# Run gradient flip test to check for gradient orientation issues
@GradFlipTest \
-in_dwi $IN \
-in_col_matT $IN_TORT \
-prefix $OUT

# Print message to indicate start of fat processing command
echo "------------------starting with fat proc command-----------------------"
# Read gradient flip results into variable
set my_flip = `cat $OUT`

# Define input file paths for fat processing
IN_fat="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE/MRKY128

-1_nifti2/dcm2niix/ANATOM/MRKY128 -1_ep2d_diff_mddw64_2mm_20230306130851_6_proc/
LPI_DMC.nii"

IN_TORT_fat="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE/
MRKY128 -1_nifti2/dcm2niix/ANATOM/MRKY128 -1
_ep2d_diff_mddw64_2mm_20230306130851_6_proc/LPI_DMC.bmtxt"

# Define structural and reference image paths
T1_struc="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE/

MRKY128 -1_nifti2/dcm2niix/ANATOM/MRKY128 -1
_ep2d_diff_mddw64_2mm_20230306130851_6_proc/T1_aligned.nii"

T2_in="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE/MRKY128
-1_nifti2/dcm2niix/ANATOM/MRKY128 -1_ep2d_diff_mddw64_2mm_20230306130851_6_proc/
T2_bet.nii"

# Define output prefix for fat processing results
PREFIX="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE/MRKY128

-1_nifti2/dcm2niix/ANATOM/MRKY128 -1_ep2d_diff_mddw64_2mm_20230306130851_6_proc/
fat_proc_"

# Commented out mask file path (not currently used)
#MASK="/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/SA+PT/AFTER/MRKY115 -2

_nifti4/dcm2niix/ANATOM/MRKY115 -2_ep2d_diff_mddw64_2mm_20220112123930_6_proc/
T1_bet_mask.nii"

# Run fat processing to compute diffusion tensor from DWI data
fat_proc_dwi_to_dt \
-in_dwi $IN_fat \
-in_col_matT $IN_TORT_fat \
-in_struc_res $T1_struc \
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-in_ref_orig $T2_in \
-prefix $PREFIX \
-mask_from_struc \
$my_flip

12.2.8 Inverse Warping of AAL116 Atlas from MNI to eac Subject’s Native Space.
# Step 1: Register AAL116 atlas (MNI space) to subject T1 space using FLIRT
flirt -in AAL116.nii -ref T1.nii -out AAL116_in_T1.nii \

-cost mutualinfo -omat AAL116_to_T1.mat

# Step 2: Non-linear registration of T1 to MNI (or vice versa) using FNIRT
fnirt --in=T1.nii --ref=MNI152_T1_2mm.nii --refmask=MNI_mask.nii \

--iout=T1_warped_to_MNI.nii --aff=AAL116_to_T1.mat --cout=T1_to_MNI_warpcoef.nii

# Step 3: Invert the warp field to map MNI space back to T1 space
invwarp -w T1_to_MNI_warpcoef.nii -o invwarp_MNI_to_T1.nii -r T1.nii

# Step 4: Register T1 to DTI space (e.g. FA image) with FLIRT
flirt -in T1.nii -ref DT_FA.nii -out T1_in_DTI.nii -omat T1_to_DTI.mat -cost

mutualinfo

# Step 5: Invert affine transform from DTI to T1 space
convert_xfm -omat inv_T1_to_DTI.mat -inverse T1_to_DTI.mat

# Step 6: Apply inverse warp + inverse affine to warp AAL116 atlas from T1 space to
DTI space

applywarp -i AAL116_in_T1.nii -o AAL116_in_DTI.nii -r DT_FA.nii \
-w invwarp_MNI_to_T1.nii --premat=inv_T1_to_DTI.mat

12.2.9 3dTrackID to Determine the FA Values Between the 116 Brain Regions Specified us-
ing the AAL116 Atlas.

#!/bin/bash

# Print current user (commented out)
#echo "VARIABLES...."
user=`whoami`

# Define base directory for research data
base=/home/pearly/researchdata_mri/UserFolders/Pearly/TORTOISE/TA+PT/BEFORE

# Change to base directory
cd $base
# List directories ending in nifti2
input_dir=`ls -1 -d *nifti2`

# Loop through each nifti2 directory
for dir_index in $input_dir
do

# Define paths for diffusion and atlas data
base_diff=$base/$dir_index/dcm2niix/ANATOM
base_atlas=$base/ATLAS

# Run 3dTrackID for probabilistic tractography
3dTrackID -mode PROB -dti_in $base_diff/dt_ -netrois $base_atlas/Atlas_warped_dt.

nii -uncert $base_diff/UNC/dt_UNC.nii -dump_rois AFNI -nifti -prefix track_out
done
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12.2.10 Extracting FA Matrices from .grid Files (Output After Running 3dTrackID.)
# 1. Copy the entire content of play_around.grid to gridout.txt
awk '{print $0}' play_around.grid > gridout.txt

# 2. Extract lines between markers starting with "# FA" and "# sFA" (inclusive)
awk '/^# FA/,/^# sFA/' gridout.txt > extractedDataFA.txt

# 3. Format each field in extractedDataFA.txt to 15 decimal places and tab-separate
fields

awk -v OFS='\t' '{
for(i=1; i<=NF; i++)

$i = sprintf("%.15f", $i) # format each field with 15 decimal places
}1' extractedDataFA.txt > extractedDataFAFormat.txt

# 4. Check that total number of entries equals 116 x 116 = 13456

# Count total number of fields in entire file
total_entries=$(awk '{sum += NF} END {print sum}' extractedDataFAFormat.txt)

echo "Total entries in matrix: $total_entries"

# Validate total entries
if [ "$total_entries" -eq 13456 ]; then

echo "FA matrix has 116 x 116 = 13456 entries as expected."
else

echo "FA matrix does NOT have 13456 entries! Check data."
fi
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12.3 Appendix C: Scripts for Statistical Analysis.
12.3.1 Covariate Comparison for Structural Connectivity Data.

1 import pandas as pd
2 import numpy as np
3 from scipy import stats
4 import statsmodels.api as sm
5 from statsmodels.formula.api import ols
6

7 # Function to calculate SEM (Standard Error of the Mean)
8 def calculate_sem(data):
9 return stats.sem(data)
10

11 # Read the Excel file
12 df = pd.read_excel('SC_covariates.xlsx')
13

14 # Map group numbers to names for clarity
15 group_map = {1: 'TA', 2: 'TA+PT', 3: 'SA+PT'}
16 df['Group'] = df['Group'].map(group_map)
17

18 # Define variables to analyze
19 variables = ['Side', 'Age', 'Motion', 'BrainVolume']
20

21 # Initialize lists to store results
22 anova_results = []
23

24 # Perform ANOVA for each variable
25 for var in variables:
26 # Separate data by group
27 ta_data = df[df['Group'] == 'TA'][var].dropna()
28 tapt_data = df[df['Group'] == 'TA+PT'][var].dropna()
29 sapt_data = df[df['Group'] == 'SA+PT'][var].dropna()
30

31 # Perform ANOVA
32 f_statistic , p_value = stats.f_oneway(ta_data, tapt_data , sapt_data)
33

34 # Calculate Eta-squared
35 ss_total = np.sum((df[var].dropna() - df[var].dropna().mean())**2)
36 ss_between = ((ta_data.mean() - df[var].dropna().mean())**2 * len(ta_data) +
37 (tapt_data.mean() - df[var].dropna().mean())**2 * len(tapt_data) +
38 (sapt_data.mean() - df[var].dropna().mean())**2 * len(sapt_data))
39 eta_squared = ss_between / ss_total if ss_total > 0 else 0 # Avoid division by

zero
40

41 # Calculate descriptive statistics
42 ta_mean_sd = f"{ta_data.mean():.2f} ± {ta_data.std():.2f}"
43 tapt_mean_sd = f"{tapt_data.mean():.2f} ± {tapt_data.std():.2f}"
44 sapt_mean_sd = f"{sapt_data.mean():.2f} ± {sapt_data.std():.2f}"
45

46 ta_sem = calculate_sem(ta_data)
47 tapt_sem = calculate_sem(tapt_data)
48 sapt_sem = calculate_sem(sapt_data)
49

50 # Append results for this variable
51 anova_results.extend([
52 {'Variable': var, 'Statistic': 'F-statistic', 'Value': f_statistic},
53 {'Variable': var, 'Statistic': 'p-value', 'Value': p_value},
54 {'Variable': var, 'Statistic': 'Eta-squared', 'Value': eta_squared},
55 {'Variable': var, 'Statistic': 'TA Mean ± SD', 'Value': ta_mean_sd},
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56 {'Variable': var, 'Statistic': 'TA+PT Mean ± SD', 'Value': tapt_mean_sd},
57 {'Variable': var, 'Statistic': 'SA+PT Mean ± SD', 'Value': sapt_mean_sd},
58 {'Variable': var, 'Statistic': 'TA SEM', 'Value': ta_sem},
59 {'Variable': var, 'Statistic': 'TA+PT SEM', 'Value': tapt_sem},
60 {'Variable': var, 'Statistic': 'SA+PT SEM', 'Value': sapt_sem}
61 ])
62

63 # Create results DataFrame
64 results_df = pd.DataFrame(anova_results)
65

66 # Pivot the table for better readability (optional)
67 results_pivot = results_df.pivot(index='Statistic', columns='Variable', values='Value'

)
68

69 # Save to Excel
70 results_df.to_excel('ANOVA_SC.xlsx', index=False)
71 # Optionally save the pivoted version as well
72 results_pivot.to_excel('ANOVA_SC_pivot.xlsx')
73

74 # Display results
75 print("ANOVA Results:")
76 print(results_df)
77 print("\nPivoted ANOVA Results:")
78 print(results_pivot)

12.3.2 Covariate Comparison for Functional Connectivity Data.
1 import pandas as pd
2 import numpy as np
3 from scipy import stats
4

5 # Function to calculate SEM (Standard Error of the Mean)
6 def calculate_sem(data):
7 return stats.sem(data)
8

9 # Read the Excel file
10 df = pd.read_excel('/content/FC_variables.xlsx')
11

12 # Map group numbers to names for clarity
13 group_map = {1: 'TA', 2: 'TA+PT', 3: 'SA+PT'}
14 df['Group'] = df['Group'].map(group_map)
15

16 # Separate Motion data by group
17 ta_motion = df[df['Group'] == 'TA']['Motion'].dropna()
18 tapt_motion = df[df['Group'] == 'TA+PT']['Motion'].dropna()
19 sapt_motion = df[df['Group'] == 'SA+PT']['Motion'].dropna()
20

21 # Perform ANOVA
22 f_statistic , p_value = stats.f_oneway(ta_motion , tapt_motion , sapt_motion)
23

24 # Calculate Eta-squared
25 ss_total = np.sum((df['Motion'].dropna() - df['Motion'].dropna().mean())**2)
26 ss_between = ((ta_motion.mean() - df['Motion'].dropna().mean())**2 * len(ta_motion) +
27 (tapt_motion.mean() - df['Motion'].dropna().mean())**2 * len(tapt_motion

) +
28 (sapt_motion.mean() - df['Motion'].dropna().mean())**2 * len(sapt_motion

))
29 eta_squared = ss_between / ss_total if ss_total > 0 else 0 # Avoid division by zero
30
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31 # Calculate descriptive statistics
32 ta_mean_sd = f"{ta_motion.mean():.2f} ± {ta_motion.std():.2f}"
33 tapt_mean_sd = f"{tapt_motion.mean():.2f} ± {tapt_motion.std():.2f}"
34 sapt_mean_sd = f"{sapt_motion.mean():.2f} ± {sapt_motion.std():.2f}"
35

36 ta_sem = calculate_sem(ta_motion)
37 tapt_sem = calculate_sem(tapt_motion)
38 sapt_sem = calculate_sem(sapt_motion)
39

40 # Create results DataFrame
41 anova_results = pd.DataFrame({
42 'Statistic': ['F-statistic', 'p-value', 'Eta-squared',
43 'TA Mean ± SD', 'TA+PT Mean ± SD', 'SA+PT Mean ± SD',
44 'TA SEM', 'TA+PT SEM', 'SA+PT SEM'],
45 'Value': [f_statistic , p_value, eta_squared ,
46 ta_mean_sd , tapt_mean_sd , sapt_mean_sd ,
47 ta_sem, tapt_sem , sapt_sem]
48 })
49

50 # Save to Excel
51 anova_results.to_excel('ANOVA_FC.xlsx', index=False)
52

53 # Display results
54 print("ANOVA Results for Motion:")
55 print(anova_results)
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12.3.3 Infarct Side

Table 27: Side of ischemic infarct. This table presents data for subjects across three groups: TA (n=5), TA+PT (n=6), SA+PT (n=8),
including group assignment, subject ID, hemispheric infarct side, and a variable value. The groups represent different treatment or
assessment conditions, with the number of subjects indicated (e.g., TA, n=5). The hemispheric infarct side indicates the affected brain
hemisphere, and the variable column represents a coded value (0 = Unknown, 1 = Right, 2 = Left).

Group Subjects Infarct side Variable

TA (n=5) 1 Left 2
2 Left 2
3 Unknown 0
4 Right 1
5 Right 1

TA+PT (n=6) 6 Left 2
7 Left 2
8 Left 2
9 Left 2
10 Right 1
11 Left 2

SA+PT (n=8) 12 Right 1
13 Right 1
14 Left 2
15 Left 2
16 Right 1
17 Right 1
18 Right 1
19 Unknown 0

12.3.4 Fisher’s Exact Test to Compare the Distribution of a Binary Variable (”Side”) Across
the Three Treatment Groups.

1 import pandas as pd
2 import scipy.stats as stats
3 import numpy as np
4 from openpyxl import Workbook
5 from openpyxl.utils.dataframe import dataframe_to_rows
6

7 # Load the Excel file
8 df = pd.read_excel('SC_covariates.xlsx')
9

10 # Filter out rows where Side == 0
11 df = df[df['Side'] != 0]
12

13 # Map Side values: 1=Right, 2=Left
14 df['Side'] = df['Side'].map({1: 'Right', 2: 'Left'})
15

16 # Function to create contingency table and perform Fisher's Exact Test
17 def fisher_exact_test(group1, group2, group1_name , group2_name):
18 # Filter data for the two groups
19 df_filtered = df[df['Group'].isin([group1, group2])]
20

21 # Create contingency table
22 contingency_table = pd.crosstab(
23 df_filtered['Group'].map({group1: group1_name , group2: group2_name}),
24 df_filtered['Side']
25 )
26

27 # Ensure table has both Left and Right columns
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28 if 'Left' not in contingency_table.columns:
29 contingency_table['Left'] = 0
30 if 'Right' not in contingency_table.columns:
31 contingency_table['Right'] = 0
32

33 # Reorder columns
34 contingency_table = contingency_table[['Left', 'Right']]
35

36 # Perform Fisher's Exact Test
37 odds_ratio , p_value = stats.fisher_exact(contingency_table)
38

39 # Calculate 95% confidence interval for odds ratio
40 # Using the formula: exp(log(OR) ± 1.96 * sqrt(1/a + 1/b + 1/c + 1/d))
41 a = contingency_table.iloc[0, 0] # Group1, Left
42 b = contingency_table.iloc[0, 1] # Group1, Right
43 c = contingency_table.iloc[1, 0] # Group2, Left
44 d = contingency_table.iloc[1, 1] # Group2, Right
45

46 # Avoid division by zero
47 if any(x == 0 for x in [a, b, c, d]):
48 ci_lower, ci_upper = np.nan, np.nan
49 else:
50 se_log_or = np.sqrt(1/a + 1/b + 1/c + 1/d)
51 log_or = np.log(odds_ratio)
52 ci_lower = np.exp(log_or - 1.96 * se_log_or)
53 ci_upper = np.exp(log_or + 1.96 * se_log_or)
54

55 return contingency_table , odds_ratio , p_value, ci_lower, ci_upper
56

57 # Define group mappings
58 group_map = {1: 'TA', 2: 'TA+PT', 3: 'SA+PT'}
59

60 # Perform tests for the three comparisons
61 comparisons = [
62 (1, 2, 'TA', 'TA+PT'), # Table 1: TA vs TA+PT
63 (1, 3, 'TA', 'SA+PT'), # Table 2: TA vs SA+PT
64 (2, 3, 'TA+PT', 'SA+PT') # Table 3: TA+PT vs SA+PT
65 ]
66

67 results = []
68 for group1, group2, name1, name2 in comparisons:
69 table, odds_ratio , p_value, ci_lower , ci_upper = fisher_exact_test(group1, group2,

name1, name2)
70 results.append({
71 'Comparison': f'{name1} vs {name2}',
72 'Contingency Table': table,
73 'Odds Ratio': odds_ratio ,
74 'P-value': p_value,
75 'CI Lower': ci_lower ,
76 'CI Upper': ci_upper
77 })
78

79 # Create descriptive statistics and save to Excel
80 wb = Workbook()
81 ws = wb.active
82 ws.title = 'Fisher Exact Test Results'
83

84 # Write results
85 row_idx = 1
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86 for result in results:
87 # Write comparison title
88 ws.cell(row=row_idx, column=1, value=result['Comparison'])
89 row_idx += 1
90

91 # Write contingency table
92 table_df = result['Contingency Table']
93 for r in dataframe_to_rows(table_df, index=True, header=True):
94 ws.append(r)
95 row_idx += len(table_df) + 2
96

97 # Write statistics
98 ws.cell(row=row_idx, column=1, value='Odds Ratio')
99 ws.cell(row=row_idx, column=2, value=result['Odds Ratio'])
100 row_idx += 1
101 ws.cell(row=row_idx, column=1, value='P-value')
102 ws.cell(row=row_idx, column=2, value=result['P-value'])
103 row_idx += 1
104 ws.cell(row=row_idx, column=1, value='95% CI Lower')
105 ws.cell(row=row_idx, column=2, value=result['CI Lower'])
106 row_idx += 1
107 ws.cell(row=row_idx, column=1, value='95% CI Upper')
108 ws.cell(row=row_idx, column=2, value=result['CI Upper'])
109 row_idx += 2
110

111 # Save the workbook
112 wb.save('FisherExact.xlsx')

12.3.5 Matlab Code to Convert Fisher Z-values to r-values in the 116 by 116 Functional
Connectivity Matrices

1 % Specify the folder containing .mat files
2 inputFolder = 'path_to_your_folder'; % Replace with your folder path
3 outputFolder = 'path_to_output_folder'; % Replace with your desired output folder

path
4

5 % Get a list of all .mat files in the input folder
6 matFiles = dir(fullfile(inputFolder , '*.mat'));
7

8 % Loop through each .mat file
9 for k = 1:length(matFiles)
10 % Construct full file name
11 inputFileName = fullfile(inputFolder , matFiles(k).name);
12

13 % Load the .mat file
14 data = load(inputFileName);
15

16 % Check available variables
17 whos('-file', inputFileName);
18

19 % Access and process the Z matrix
20 if isfield(data, 'Z') % Check if Z exists in the loaded data
21 Z = data.Z; % Adjust based on actual variable name in your file
22

23 % Delete the last 3 columns of Z
24 Z(:, end-2:end) = []; % Remove last three columns
25

26 % Replace NaN values with 1 in the updated Z matrix
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27 Z(isnan(Z)) = 1;
28

29 % Convert updated Z values to r values using tanh
30 r = tanh(Z); % Use hyperbolic tangent to convert Z to r
31

32 % Replace diagonal values of r with 1s
33 n = size(r, 1); % Get the number of rows (and columns for a square matrix)
34 r(1:n+1:end) = 1; % Set diagonal elements to 1
35

36 % Create output file name
37 [~, name, ~] = fileparts(matFiles(k).name); % Get the base name without

extension
38 outputFileName = fullfile(outputFolder , [name '_processed.mat']); % Add

suffix to output file
39

40 % Save the results to a new .mat file
41 save(outputFileName , 'r'); % Save processed r values
42 else
43 fprintf('Variable Z not found in file: %s\n', matFiles(k).name);
44 end
45 end
46

47 disp('Processing complete.');

12.3.6 Converting r-value Back to Z-values
1 % Specify the folder containing .mat files
2 inputFolder = 'path_to_your_folder'; % <- replace
3 outputFolder = 'path_to_output_folder'; % <- replace
4 if ~exist(outputFolder , 'dir'); mkdir(outputFolder); end
5

6 % Get a list of all .mat files in the input folder
7 matFiles = dir(fullfile(inputFolder , '*.mat'));
8

9 % Loop through each .mat file
10 for k = 1:length(matFiles)
11 % Construct full file name
12 inputFileName = fullfile(inputFolder , matFiles(k).name);
13

14 % Load the .mat file
15 data = load(inputFileName);
16

17 % Check available variables
18 whos('-file', inputFileName);
19

20 % Access and process the Z matrix
21 if isfield(data, 'Z') % Check if Z exists in the loaded data
22 Z = data.Z; % Adjust based on actual variable name in your file
23

24 % --- Safety check for column deletion ---
25 if size(Z, 2) >= 3
26 % Delete the last 3 columns of Z
27 Z(:, end-2:end) = [];
28 else
29 warning('File %s: Z has < 3 cols; skipping column deletion.', matFiles(k).

name);
30 end
31

32 % Replace NaN values with 1 in the updated Z matrix
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33 Z(isnan(Z)) = 1;
34

35 % Convert updated Z values to r values using tanh
36 r = tanh(Z); % Fisher Z -> Pearson r
37

38 % Replace diagonal values of r with 1s (self-correlation)
39 n = size(r, 1);
40 r(1:n+1:end) = 1;
41

42 % ========= NEW: Convert r back to Fisher Z safely =========
43 % Clamp r to (-1, 1) to avoid Inf from atanh(±1)
44 tol = 1 - 1e-12;
45 r_clamped = max(min(r, tol), -tol);
46

47 % Convert back
48 Z_back = atanh(r_clamped);
49

50 % Set diagonal to 0 (common convention for Fisher Z diagonals)
51 % (atanh(1) would be Inf; we choose 0 for clarity; change if you prefer NaN)
52 Z_back(1:n+1:end) = 0;
53 % ===========================================================
54

55 % Create output file name
56 [~, name, ~] = fileparts(matFiles(k).name);
57 outputFileName = fullfile(outputFolder , [name '_processed.mat']);
58

59 % Save the results to a new .mat file
60 save(outputFileName , 'r', 'Z_back'); % Save processed r and back-converted Z
61 else
62 fprintf('Variable Z not found in file: %s\n', matFiles(k).name);
63 end
64 end
65

66 disp('Processing complete.');

12.3.7 SC Adjacency Matrices of 13 Brain Connections Identified using the CONN Toolbox.
1 #!/usr/bin/env python3
2 # -*- coding: utf-8 -*-
3

4 """
5 Create thesis-ready adjacency matrices (Before/After) for each group (TA, TA+PT, SA+PT

)
6 from SC_FA_Winsor.xlsx with columns:
7 - Group: "TA", "TA+PT", "SA+PT" (optional; falls back to Subject mapping)
8 - Subject: integers 1..19 (1-5=TA, 6-11=TA+PT, 12-19=SA+PT)
9 - Connection: e.g. "Supp_Motor_Area_L to Thalamus_R"
10 - Before: FA value before treatment
11 - After: FA value after treatment
12 """
13

14 import os
15 import math
16 import textwrap
17 import numpy as np
18 import pandas as pd
19 import matplotlib.pyplot as plt
20

21 # =========================
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22 # Config
23 # =========================
24 INPUT_XLSX = "/content/SC_FA_Winsor.xlsx"
25 OUTPUT_DIR = "adjacency_matrices"
26 CMAP = "viridis"
27 DPI = 300 # high-res for thesis figures
28 TITLE_WRAP = 75 # wrap long titles nicely
29

30 # Subject → Group fallback map
31 SUBJECT_GROUP_RANGES = {
32 "TA": range(1, 6), # –15
33 "TA+PT": range(6, 12), # –611
34 "SA+PT": range(12, 20), # –1219
35 }
36

37 GROUPS = ["TA", "TA+PT", "SA+PT"]
38

39

40 # =========================
41 # Helpers
42 # =========================
43 def subject_to_group(subject_value: int) -> str | None:
44 for g, rng in SUBJECT_GROUP_RANGES.items():
45 if subject_value in rng:
46 return g
47 return None
48

49

50 def ensure_group_column(df: pd.DataFrame) -> pd.DataFrame:
51 if "Group" not in df.columns:
52 df["Group"] = None
53 mask_missing = df["Group"].isna() | (df["Group"].astype(str).str.strip() == "")
54 if mask_missing.any():
55 inferred = df.loc[mask_missing , "Subject"].apply(
56 lambda s: subject_to_group(int(s)) if pd.notna(s) else None
57 )
58 df.loc[mask_missing , "Group"] = inferred
59 df["Group"] = df["Group"].astype(str)
60 return df
61

62

63 def parse_connection(conn: str) -> tuple[str, str]:
64 if not isinstance(conn, str):
65 return ("", "")
66 parts = conn.split(" to ")
67 if len(parts) != 2:
68 parts = [p.strip() for p in conn.replace("->", " to ").replace("—", " to ").

split(" to ") if p.strip()]
69 if len(parts) != 2:
70 return (conn.strip(), conn.strip())
71 return parts[0].strip(), parts[1].strip()
72

73

74 def make_node_list(df: pd.DataFrame) -> list[str]:
75 nodes = set()
76 for conn in df["Connection"].dropna().astype(str):
77 a, b = parse_connection(conn)
78 if a: nodes.add(a)
79 if b: nodes.add(b)
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80 return sorted(nodes)
81

82

83 def build_group_matrices(
84 df: pd.DataFrame , group: str, nodes: list[str]
85 ) -> tuple[np.ndarray, np.ndarray]:
86 gdf = df.loc[df["Group"] == group].copy()
87 if gdf.empty:
88 n = len(nodes)
89 return np.full((n, n), np.nan), np.full((n, n), np.nan)
90

91 agg = (
92 gdf.groupby("Connection", as_index=False)[["Before", "After"]]
93 .mean(numeric_only=True)
94 )
95

96 n = len(nodes)
97 before_mat = np.full((n, n), np.nan, dtype=float)
98 after_mat = np.full((n, n), np.nan, dtype=float)
99

100 node_index = {name: i for i, name in enumerate(nodes)}
101 for _, row in agg.iterrows():
102 a, b = parse_connection(str(row["Connection"]))
103 if a in node_index and b in node_index and a != b:
104 i, j = node_index[a], node_index[b]
105 before_val = row.get("Before", np.nan)
106 after_val = row.get("After", np.nan)
107 before_mat[i, j] = before_val
108 before_mat[j, i] = before_val
109 after_mat[i, j] = after_val
110 after_mat[j, i] = after_val
111

112 return before_mat , after_mat
113

114

115 def finite_minmax(*arrays: np.ndarray) -> tuple[float, float]:
116 vals = []
117 for arr in arrays:
118 a = np.array(arr).ravel()
119 a = a[np.isfinite(a)]
120 if a.size:
121 vals.append(a.min())
122 vals.append(a.max())
123 if not vals:
124 return (0.0, 1.0)
125 return (float(np.min(vals)), float(np.max(vals)))
126

127

128 def dynamic_figsize(n_nodes: int) -> tuple[float, float]:
129 base = 6.0
130 scale = min(1.0 + n_nodes/16.0, 2.2)
131 size = base * scale
132 return (size, size)
133

134

135 def prettify_title(s: str) -> str:
136 return "\n".join(textwrap.wrap(s, TITLE_WRAP))
137

138

209



12.3.7 Pearly Joubert

139 def plot_matrix(
140 mat: np.ndarray,
141 nodes: list[str],
142 title: str,
143 vmin: float,
144 vmax: float,
145 outfile: str,
146 cmap: str = CMAP,
147 annotate_minmax: tuple[float, float] | None = None,
148 ):
149 n = len(nodes)
150 fig_size = dynamic_figsize(n)
151 fig, ax = plt.subplots(figsize=fig_size, dpi=DPI)
152

153 # Show matrix
154 im = ax.imshow(mat, interpolation="nearest", aspect="equal", cmap=cmap, vmin=vmin,

vmax=vmax)
155

156 # Axis labels (BOLD + larger font)
157 ax.set_xticks(range(n))
158 ax.set_yticks(range(n))
159 ax.set_xticklabels(nodes, rotation=90, fontsize=14, fontweight="bold") # larger +

bold
160 ax.set_yticklabels(nodes, fontsize=14, fontweight="bold") # larger +

bold
161

162 # Axis tick params (make tick marks bold + bigger)
163 ax.tick_params(axis="x", labelsize=14, width=1.2)
164 ax.tick_params(axis="y", labelsize=14, width=1.2)
165

166 # Gridlines
167 ax.set_xticks(np.arange(-0.5, n, 1), minor=True)
168 ax.set_yticks(np.arange(-0.5, n, 1), minor=True)
169 ax.grid(which="minor", linestyle="-", linewidth=0.3, alpha=0.3)
170 ax.tick_params(which="both", length=0)
171

172 # Title
173 ax.set_title(prettify_title(title), fontsize=14, pad=12, fontweight="bold")
174

175 # Colorbar
176 cbar = fig.colorbar(im, ax=ax, fraction=0.046, pad=0.04)
177 cbar.ax.set_ylabel("Mean FA", rotation=270, labelpad=12, fontsize=12, fontweight="

bold")
178 cbar.ax.tick_params(labelsize=12, width=1.2) # bigger colorbar ticks
179

180 if annotate_minmax is not None:
181 gmin, gmax = annotate_minmax
182 txt = f"Group scale (FA): min={gmin:.3f}, max={gmax:.3f}"
183 fig.text(0.995, 0.02, txt, ha="right", va="bottom", fontsize=9)
184

185 fig.tight_layout()
186 os.makedirs(os.path.dirname(outfile) or ".", exist_ok=True)
187 fig.savefig(outfile, dpi=DPI, bbox_inches="tight")
188 plt.close(fig)
189

190

191 # =========================
192 # Main
193 # =========================
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194 def main():
195 if not os.path.exists(INPUT_XLSX):
196 raise FileNotFoundError(f"Input file not found: {INPUT_XLSX}")
197

198 df = pd.read_excel(INPUT_XLSX)
199

200 expected_cols = {"Subject", "Connection", "Before", "After"}
201 missing = expected_cols - set(df.columns)
202 if missing:
203 raise ValueError(f"Missing required column(s): {', '.join(sorted(missing))}")
204

205 df["Subject"] = pd.to_numeric(df["Subject"], errors="coerce").astype("Int64")
206 df["Before"] = pd.to_numeric(df["Before"], errors="coerce")
207 df["After"] = pd.to_numeric(df["After"], errors="coerce")
208

209 df = ensure_group_column(df)
210

211 nodes = make_node_list(df)
212 if len(nodes) == 0:
213 raise ValueError("No brain regions parsed from 'Connection' column.")
214

215 print(f"Detected {len(nodes)} unique regions across all connections.")
216 print(f"Regions: {nodes}")
217

218 for group in GROUPS:
219 before_mat , after_mat = build_group_matrices(df, group, nodes)
220 gmin, gmax = finite_minmax(before_mat , after_mat)
221 if math.isclose(gmin, gmax, rel_tol=1e-12, abs_tol=1e-12):
222 gmin, gmax = (gmin - 1e-6, gmax + 1e-6)
223

224 title_before = f"{group}: Structural Connectivity (FA) — Before"
225 outfile_before = os.path.join(OUTPUT_DIR , f"Adjacency_{group}_Before.png")
226 plot_matrix(before_mat , nodes, title_before , gmin, gmax, outfile_before , cmap=

CMAP, annotate_minmax=(gmin, gmax))
227 print(f"Saved: {outfile_before}")
228

229 title_after = f"{group}: Structural Connectivity (FA) — After"
230 outfile_after = os.path.join(OUTPUT_DIR , f"Adjacency_{group}_After.png")
231 plot_matrix(after_mat , nodes, title_after , gmin, gmax, outfile_after , cmap=

CMAP, annotate_minmax=(gmin, gmax))
232 print(f"Saved: {outfile_after}")
233

234 print("Done.")
235

236

237 if __name__ == "__main__":
238 main()

12.3.8 Calculating SC-FC Coupling: Pearson Correlation Between the Mean FA and Corre-
lated Mean Time Series.

1 import pandas as pd
2 import numpy as np
3 import matplotlib.pyplot as plt
4 from scipy.stats import pearsonr
5

6 # Read the Excel files
7 sc_data = pd.read_excel("/content/SC_FA_Winsor.xlsx")
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8 fc_data = pd.read_excel("/content/FC_Zvalues_Winsor.xlsx")
9

10 # Define group assignments based on Subject
11 groups = {
12 'TA': range(1, 6),
13 'TA+PT': range(6, 12),
14 'SA+PT': range(12, 20)
15 }
16

17 # Define colors for each group
18 colors = {
19 'TA': {'before': '#D8BFD8', 'after': '#800080'}, # Light purple, Dark purple
20 'TA+PT': {'before': '#FFDAB9', 'after': '#FF8C00'}, # Light orange, Dark orange
21 'SA+PT': {'before': '#98FB98', 'after': '#006400'} # Light green, Dark green
22 }
23

24 # Function to create scatter plot for a group
25 def create_scatter_plot(group_name , group_data , ax):
26 # Extract data for before and after
27 sc_before = group_data['SC_Before_FA']
28 fc_before = group_data['FC_Before_Z']
29 sc_after = group_data['SC_After_FA']
30 fc_after = group_data['FC_After_Z']
31

32 # Plot before data
33 ax.scatter(sc_before , fc_before , c=colors[group_name]['before'], label='Before',

alpha=0.6)
34 # Plot after data
35 ax.scatter(sc_after, fc_after, c=colors[group_name]['after'], label='After', alpha

=0.6)
36

37 # Fit line for before data (solid blue)
38 z_before = np.polyfit(sc_before , fc_before , 1)
39 p_before = np.poly1d(z_before)
40 ax.plot(sc_before , p_before(sc_before), "-", color="blue", label='Before Fit')
41

42 # Fit line for after data (solid red)
43 z_after = np.polyfit(sc_after , fc_after , 1)
44 p_after = np.poly1d(z_after)
45 ax.plot(sc_after, p_after(sc_after), "-", color="red", label='After Fit')
46

47 # Calculate Pearson correlation for before data
48 r_before , p_before = pearsonr(sc_before , fc_before)
49 # Calculate Pearson correlation for after data
50 r_after, p_after = pearsonr(sc_after , fc_after)
51

52 # Add correlation info for before (blue)
53 ax.text(0.05, 0.95, f'Before: r = {r_before:.3f}, p = {p_before:.3f}',
54 transform=ax.transAxes , verticalalignment='top',
55 color='blue', bbox=dict(boxstyle='round', facecolor='white', alpha=0.8))
56

57 # Add correlation info for after (red, slightly below before)
58 ax.text(0.05, 0.85, f'After: r = {r_after:.3f}, p = {p_after:.3f}',
59 transform=ax.transAxes , verticalalignment='top',
60 color='red', bbox=dict(boxstyle='round', facecolor='white', alpha=0.8))
61

62 ax.set_xlabel('SC (FA)')
63 ax.set_ylabel('FC (Z-value)')
64 ax.set_title(f'Group: {group_name}')
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65 ax.legend()
66 ax.grid(True, linestyle='--', alpha=0.7)
67

68 # Merge SC and FC data on common columns
69 merged_data = pd.merge(sc_data, fc_data, on=['Group', 'Subject', 'Connection'])
70

71 # Process each group and save separate plots
72 for group_name , subject_range in groups.items():
73 # Filter data for the group
74 group_data = merged_data[merged_data['Subject'].isin(subject_range)]
75

76 # Create a new figure for each group
77 fig, ax = plt.subplots(figsize=(5, 5))
78

79 # Create scatter plot
80 create_scatter_plot(group_name , group_data , ax)
81

82 # Adjust layout and save the plot
83 plt.tight_layout()
84 plt.savefig(f'{group_name}_plot.png')
85 plt.close(fig) # Close the figure to free memory

Figure 51: A snippet of the SC_FA_Winsor input file used above for the SC-FC Coupling analysis.

213



12.3.9 Pearly Joubert

Figure 52: A snippet of the FC_Zvalues_Winsor input file used above for the SC-FC Coupling analysis.

12.3.9 Graph measures: Adjusting for the Motion Covariate when Comparing FC Graph
Measures using a Repeated Measures ANCOVA (within-group differences) and one-
way ANCOVA (between-group differences).

1 import pandas as pd
2 import numpy as np
3 import pingouin as pg
4 from statsmodels.formula.api import ols
5 from statsmodels.stats.anova import anova_lm
6 from statsmodels.stats.multicomp import MultiComparison
7 from scipy import stats
8

9 # ================================
10 # Load Data
11 # ================================
12 motion_df = pd.read_excel("SC_Motion.xlsx")
13 winsor_df = pd.read_excel("winsor.xlsx")
14

15 # Make sure the subjects are aligned across files
16 assert len(motion_df) == len(winsor_df), "Files must have same number of rows (

subjects)."
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17

18 # Add motion covariate to winsor_df for easier handling
19 winsor_df["Motion"] = motion_df["Motion"]
20 winsor_df["Group"] = motion_df["Group"]
21

22 # Graph measures
23 measures = ["Cp", "Lp", "Sigma", "Eg", "Eloc"]
24

25 # ==================================
26 # 1. Repeated Measures ANCOVA
27 # ==================================
28 rep_results = []
29

30 for m in measures:
31 # Build long-format dataframe for repeated measures
32 long_df = pd.DataFrame({
33 "Subject": np.repeat(winsor_df.index, 2),
34 "Time": np.tile(["Before", "After"], len(winsor_df)),
35 "Value": pd.concat([winsor_df[f"{m}_before"], winsor_df[f"{m}_after"]], axis

=0).values,
36 "Group": np.repeat(winsor_df["Group"].values, 2),
37 "Motion": np.repeat(winsor_df["Motion"].values, 2)
38 })
39

40 # Run repeated measures ANCOVA (pingouin supports mixed models via rm_anova with
covariates)

41 # Note: pingouin does not natively support covariates in rm_anova, so we use
ancova for each time point.

42 # Instead, approximate by running mixed ANCOVA via statsmodels.
43 model = ols("Value ~ C(Time) * C(Group) + Motion", data=long_df).fit()
44 aov_table = anova_lm(model, typ=2)
45

46 # Partial eta squared
47 aov_table["eta_sq_partial"] = aov_table["sum_sq"] / (aov_table["sum_sq"] +

aov_table.loc["Residual", "sum_sq"])
48

49 # Collect results
50 for effect in aov_table.index:
51 if effect != "Residual":
52 rep_results.append({
53 "Measure": m,
54 "Effect": effect,
55 "F": aov_table.loc[effect, "F"],
56 "p-uncorrected": aov_table.loc[effect, "PR(>F)"],
57 "eta_sq_partial": aov_table.loc[effect, "eta_sq_partial"]
58 })
59

60 # Descriptives
61 desc = long_df.groupby(["Time"])["Value"].agg(["mean", "std", "count"])
62 desc["sem"] = desc["std"] / np.sqrt(desc["count"])
63 desc = desc.reset_index()
64 desc["Measure"] = m
65 rep_results.append({"Measure": m, "Descriptives": desc.to_dict()})
66

67 rep_df = pd.DataFrame(rep_results)
68 rep_df.to_excel("ANCOVA_repeated.xlsx", index=False)
69

70 # ==================================
71 # 2. One-Way ANCOVA (Post-treatment only)
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72 # ==================================
73 one_results = []
74

75 for m in measures:
76 df_after = winsor_df[["Group", "Motion", f"{m}_after"]].rename(columns={f"{m}

_after": "DV"})
77

78 # One-way ANCOVA model
79 model = ols("DV ~ C(Group) + Motion", data=df_after).fit()
80 aov_table = anova_lm(model, typ=2)
81

82 # Partial eta squared
83 aov_table["eta_sq_partial"] = aov_table["sum_sq"] / (aov_table["sum_sq"] +

aov_table.loc["Residual", "sum_sq"])
84

85 # Save ANCOVA results
86 for effect in aov_table.index:
87 if effect != "Residual":
88 one_results.append({
89 "Measure": m,
90 "Effect": effect,
91 "F": aov_table.loc[effect, "F"],
92 "p-uncorrected": aov_table.loc[effect, "PR(>F)"],
93 "eta_sq_partial": aov_table.loc[effect, "eta_sq_partial"]
94 })
95

96 # Multiple comparisons (Sidak correction)
97 mc = MultiComparison(df_after["DV"], df_after["Group"])
98 comp = mc.allpairtest(stats.ttest_ind , method="sidak")[0]
99

100 # Descriptives
101 desc = df_after.groupby("Group")["DV"].agg(["mean", "std", "count"])
102 desc["sem"] = desc["std"] / np.sqrt(desc["count"])
103 desc = desc.reset_index()
104 desc["Measure"] = m
105 one_results.append({"Measure": m, "Descriptives": desc.to_dict()})
106

107 one_df = pd.DataFrame(one_results)
108 one_df.to_excel("ANCOVA_one.xlsx", index=False)
109

110 print("Analysis complete. Results saved to ANCOVA_repeated.xlsx and ANCOVA_one.xlsx")

12.3.10 Comparing Motion Covariate Before and After Treatment in the DWI Data.
1

2 !pip install XlsxWriter
3

4

5 #!/usr/bin/env python3
6 # -*- coding: utf-8 -*-
7

8 """
9 Paired t-tests: Before vs After within each group (TA=1, TA+PT=2, SA+PT=3)
10

11 Input:
12 - Motion_Before_After_SC.xlsx
13 Columns:
14 Group (1=TA, 2=TA+PT, 3=SA+PT)
15 Before (numeric)
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16 After (numeric)
17

18 Output:
19 - Motion_witihin.xlsx [intentional filename per user request]
20 Sheets:
21 - Paired_t_within: descriptive stats + t, df, p, 95% CI for mean diff
22 - By_Subject_Diffs: per-subject difference (After-Before) for sanity checks
23 """
24

25 import pandas as pd
26 import numpy as np
27 from scipy import stats
28

29 # -------------------------
30 # Config
31 # -------------------------
32 INPUT_XLSX = "/content/Motion_Before_After_SC.xlsx"
33 OUTPUT_XLSX = "Motion_witihin.xlsx" # keep the exact filename requested
34

35 GROUP_MAP = {1: "TA", 2: "TA+PT", 3: "SA+PT"}
36

37 # -------------------------
38 # Load data
39 # -------------------------
40 df = pd.read_excel(INPUT_XLSX)
41

42 # Ensure expected columns exist
43 required_cols = {"Group", "Before", "After"}
44 missing = required_cols - set(df.columns)
45 if missing:
46 raise ValueError(f"Missing required columns in input file: {missing}")
47

48 # Coerce numeric (silently turn bad strings into NaN)
49 for c in ["Before", "After"]:
50 df[c] = pd.to_numeric(df[c], errors="coerce")
51

52 # -------------------------
53 # Helper: summary + paired t per group
54 # -------------------------
55 rows = []
56 diff_rows = [] # for optional per-subject export
57

58 for g_code, sub in df.groupby("Group", dropna=True):
59 g_name = GROUP_MAP.get(g_code, str(g_code))
60

61 # Drop rows where either timepoint is missing (pairwise complete)
62 sub = sub.dropna(subset=["Before", "After"]).copy()
63 n = len(sub)
64 if n < 2:
65 # Not enough data for a paired t-test
66 rows.append({
67 "Group": g_name,
68 "N": n,
69 "Before_mean": np.nan, "Before_SD": np.nan, "Before_SEM": np.nan,
70 "After_mean": np.nan, "After_SD": np.nan, "After_SEM": np.nan,
71 "Diff_mean": np.nan, "Diff_SD": np.nan, "Diff_SEM": np.nan,
72 "t": np.nan, "df": np.nan, "p_value": np.nan,
73 "CI95_low": np.nan, "CI95_high": np.nan
74 })
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75 continue
76

77 # Descriptives
78 b = sub["Before"].values
79 a = sub["After"].values
80 d = a - b
81

82 before_mean , before_sd = float(np.nanmean(b)), float(np.nanstd(b, ddof=1))
83 after_mean , after_sd = float(np.nanmean(a)), float(np.nanstd(a, ddof=1))
84 diff_mean , diff_sd = float(np.nanmean(d)), float(np.nanstd(d, ddof=1))
85

86 before_sem = before_sd / np.sqrt(n)
87 after_sem = after_sd / np.sqrt(n)
88 diff_sem = diff_sd / np.sqrt(n)
89

90 # Paired t-test
91 t_stat, p_val = stats.ttest_rel(a, b, nan_policy="omit")
92 dfree = n - 1
93

94 # 95% CI for mean difference (paired): mean(d) ± t_crit * SE(d)
95 if n > 1 and np.isfinite(diff_sem):
96 t_crit = stats.t.ppf(0.975, dfree)
97 ci_low = diff_mean - t_crit * diff_sem
98 ci_high = diff_mean + t_crit * diff_sem
99 else:
100 ci_low = ci_high = np.nan
101

102 rows.append({
103 "Group": g_name,
104 "N": n,
105 "Before_mean": before_mean , "Before_SD": before_sd , "Before_SEM": before_sem ,
106 "After_mean": after_mean , "After_SD": after_sd , "After_SEM": after_sem ,
107 "Diff_mean": diff_mean , "Diff_SD": diff_sd, "Diff_SEM": diff_sem ,
108 "t": t_stat, "df": dfree, "p_value": p_val,
109 "CI95_low": ci_low, "CI95_high": ci_high
110 })
111

112 # Keep per-subject differences for reference
113 tmp = sub[["Group", "Before", "After"]].copy()
114 tmp["Group"] = g_name
115 tmp["Diff"] = tmp["After"] - tmp["Before"]
116 diff_rows.append(tmp)
117

118 # -------------------------
119 # Build output DataFrames
120 # -------------------------
121 out_df = pd.DataFrame(rows)
122

123 # Order columns nicely
124 col_order = [
125 "Group", "N",
126 "Before_mean", "Before_SD", "Before_SEM",
127 "After_mean", "After_SD", "After_SEM",
128 "Diff_mean", "Diff_SD", "Diff_SEM",
129 "t", "df", "p_value", "CI95_low", "CI95_high"
130 ]
131 out_df = out_df[col_order]
132

133 # Optional: round for readability
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134 round_cols = [c for c in out_df.columns if c not in ["Group", "N", "df"]]
135 out_df[round_cols] = out_df[round_cols].round(4)
136

137 diff_df = pd.concat(diff_rows , axis=0, ignore_index=True) if diff_rows else pd.
DataFrame(columns=["Group","Before","After","Diff"])

138 diff_df = diff_df.sort_values(["Group"]).reset_index(drop=True)
139

140 # -------------------------
141 # Export to Excel
142 # -------------------------
143 with pd.ExcelWriter(OUTPUT_XLSX , engine="xlsxwriter") as writer:
144 out_df.to_excel(writer, sheet_name="Paired_t_within", index=False)
145 diff_df.to_excel(writer, sheet_name="By_Subject_Diffs", index=False)
146

147 print(f"Done. Results saved to: {OUTPUT_XLSX}")

12.3.11 Adjusting for Motion in the SCGraphMeasures using RepeatedMeasures ANCOVA
for Within-group Comparisons, with the Mean Motion as a Covariate.

1

2 #!/usr/bin/env python3
3 # -*- coding: utf-8 -*-
4

5 import pandas as pd
6 import numpy as np
7 from statsmodels.formula.api import ols
8 from statsmodels.stats.anova import anova_lm
9

10 # ================================
11 # Load Data
12 # ================================
13 motion_df = pd.read_excel("SC_Motion.xlsx") # must include columns: Group, Motion
14 winsor_df = pd.read_excel("winsor.xlsx") # must include columns like Cp_before ,

Cp_after , etc.
15

16 # Make sure the subjects are aligned across files
17 assert len(motion_df) == len(winsor_df), "Files must have same number of rows (

subjects)."
18

19 # Add motion covariate and group to winsor_df for easier handling
20 winsor_df["Motion"] = motion_df["Motion"]
21 winsor_df["Group"] = motion_df["Group"]
22

23 # Graph measures to analyze
24 measures = ["Cp", "Lp", "Sigma", "Eg", "Eloc"]
25

26 # ==================================
27 # Repeated Measures ANCOVA
28 # Value ~ C(Time) * C(Group) + Motion
29 # (fixed-effects OLS; no subject random effect)
30 # ==================================
31 aov_rows = []
32 desc_rows = []
33

34 for m in measures:
35 # Long format: Before/After stacked
36 long_df = pd.DataFrame({
37 "Subject": np.repeat(winsor_df.index, 2),
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38 "Time": np.tile(["Before", "After"], len(winsor_df)),
39 "Value": pd.concat([winsor_df[f"{m}_before"], winsor_df[f"{m}_after"]], axis

=0).values,
40 "Group": np.repeat(winsor_df["Group"].values, 2),
41 "Motion": np.repeat(winsor_df["Motion"].values, 2)
42 })
43

44 # OLS with Time, Group, Interaction , and Motion covariate
45 model = ols("Value ~ C(Time) * C(Group) + Motion", data=long_df).fit()
46

47 # Type-II ANOVA
48 aov = anova_lm(model, typ=2)
49

50 # Partial eta squared
51 aov["eta_sq_partial"] = aov["sum_sq"] / (aov["sum_sq"] + aov.loc["Residual", "

sum_sq"])
52

53 # Collect ANOVA rows (exclude residual)
54 for effect in aov.index:
55 if effect == "Residual":
56 continue
57 aov_rows.append({
58 "Measure": m,
59 "Effect": effect, # C(Time), C(Group), C(Time)

:C(Group), Motion
60 "df": aov.loc[effect, "df"],
61 "sum_sq": aov.loc[effect, "sum_sq"],
62 "mean_sq": aov.loc[effect, "mean_sq"],
63 "F": aov.loc[effect, "F"],
64 "p_value": aov.loc[effect, "PR(>F)"],
65 "eta_sq_partial": aov.loc[effect, "eta_sq_partial"]
66 })
67

68 # Descriptives by Group × Time (mean, SD, n, SEM)
69 d = (long_df
70 .groupby(["Group", "Time"])["Value"]
71 .agg(mean="mean", sd="std", n="count")
72 .reset_index())
73 d["sem"] = d["sd"] / np.sqrt(d["n"])
74 d.insert(0, "Measure", m)
75 desc_rows.append(d)
76

77 # Combine and export
78 aov_df = pd.DataFrame(aov_rows)
79 desc_df = pd.concat(desc_rows , ignore_index=True)
80

81 with pd.ExcelWriter("ANCOVA_repeated.xlsx", engine="xlsxwriter") as writer:
82 aov_df.to_excel(writer, sheet_name="ANOVA", index=False)
83 desc_df.to_excel(writer, sheet_name="Descriptives_GxT", index=False)
84

85 print("Repeated -measures ANCOVA complete. Saved to ANCOVA_repeated.xlsx")

12.3.12 Adjusting for Motion in the SC Graph Measures Using One-way ANCOVA for Com-
paring Pre- and Post-treatment, Between Groups.

1

2 #!/usr/bin/env python3
3 # -*- coding: utf-8 -*-
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4

5 """
6 One-way ANCOVA (between-group) adjusting for Motion
7 + pairwise (motion-adjusted) comparisons for Lp ONLY.
8

9 Input:
10 - /content/SC_Before_Graph.xlsx
11 Columns:
12 Group (1=TA, 2=TA+PT, 3=SA+PT)
13 Motion
14 Cp, Lp, Sigma, Eg, Eloc
15

16 Outputs:
17 - ANCOVA_before.xlsx (overall group effect, descriptives)
18 - Pairwise_before.xlsx (pairwise, motion-adjusted comparisons for Lp only)
19 """
20

21 import pandas as pd
22 import numpy as np
23 import statsmodels.formula.api as smf
24 from statsmodels.stats.anova import anova_lm
25

26 # -------------------------
27 # Config
28 # -------------------------
29 INPUT_XLSX = "/content/SC_After_Graph.xlsx"
30 ANCOVA_OUT = "ANCOVA_after.xlsx"
31 PAIRWISE_OUT = "Pairwise_after.xlsx"
32

33 MEASURES_ALL = ["Cp", "Lp", "Sigma", "Eg", "Eloc"] # ANCOVA across all
34 MEASURES_PAIRWISE = ["Lp"] # pairwise for Lp only
35 GROUP_MAP = {1: "TA", 2: "TA+PT", 3: "SA+PT"}
36

37 # -------------------------
38 # Load & check
39 # -------------------------
40 df = pd.read_excel(INPUT_XLSX)
41

42 required = {"Group", "Motion"} | set(MEASURES_ALL)
43 missing = required - set(df.columns)
44 if missing:
45 raise ValueError(f"Missing required columns in input file: {missing}")
46

47 df["Group"] = pd.to_numeric(df["Group"], errors="coerce")
48 df["Motion"] = pd.to_numeric(df["Motion"], errors="coerce")
49 for m in MEASURES_ALL:
50 df[m] = pd.to_numeric(df[m], errors="coerce")
51

52 df = df[df["Group"].isin([1, 2, 3])].copy()
53 df["GroupLabel"] = df["Group"].map(GROUP_MAP)
54

55 # -------------------------
56 # Helpers
57 # -------------------------
58 def group_descriptives(data, measure):
59 out = {}
60 grp = data.groupby("Group")[measure]
61 for g in [1, 2, 3]:
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62 vals = grp.get_group(g).dropna() if g in grp.groups else pd.Series(dtype=float
)

63 n = int(vals.shape[0])
64 mean = float(vals.mean()) if n > 0 else np.nan
65 sd = float(vals.std(ddof=1)) if n > 1 else (0.0 if n == 1 else np.nan)
66 sem = (sd / np.sqrt(n)) if n > 0 and np.isfinite(sd) else np.nan
67 label = GROUP_MAP[g]
68 out[f"N_{label}"] = n
69 out[f"{label}_mean"] = mean
70 out[f"{label}_SD"] = sd
71 out[f"{label}_SEM"] = sem
72 out[f"{label}_mean±SD(SEM)"] = "" if (np.isnan(mean) or np.isnan(sd) or np.

isnan(sem)) else f"{mean:.3f} ± {sd:.3f} ({sem:.3f})"
73 out["N_total"] = int(np.sum([out.get("N_TA", 0), out.get("N_TA+PT", 0), out.get("

N_SA+PT", 0)]))
74 return out
75

76 def sidak(p, m):
77 if pd.isna(p):
78 return np.nan
79 p = min(max(p, 0.0), 1.0)
80 return 1.0 - (1.0 - p) ** m
81

82 # -------------------------
83 # ANCOVA per measure (overall effect + descriptives)
84 # -------------------------
85 rows = []
86 p_adj_list = []
87

88 for measure in MEASURES_ALL:
89 sub = df[["Group", "Motion", measure]].dropna().copy()
90 sub.rename(columns={measure: "Y"}, inplace=True)
91

92 desc = group_descriptives(df[["Group", measure]].dropna(), measure)
93

94 # Unadjusted one-way ANOVA
95 p_unadj = np.nan
96 try:
97 m0 = smf.ols("Y ~ C(Group)", data=sub).fit()
98 a0 = anova_lm(m0, typ=2)
99 if "C(Group)" in a0.index:
100 p_unadj = float(a0.loc["C(Group)", "PR(>F)"])
101 except Exception:
102 pass
103

104 # Adjusted ANCOVA
105 p_adj = np.nan
106 F_adj = np.nan
107 df_effect = np.nan
108 df_error = np.nan
109 partial_eta_sq = np.nan
110 try:
111 m1 = smf.ols("Y ~ C(Group) + Motion", data=sub).fit()
112 a1 = anova_lm(m1, typ=2)
113 if {"C(Group)", "Residual"}.issubset(set(a1.index)):
114 ss_g = float(a1.loc["C(Group)", "sum_sq"])
115 df_g = float(a1.loc["C(Group)", "df"])
116 F_adj = float(a1.loc["C(Group)", "F"])
117 p_adj = float(a1.loc["C(Group)", "PR(>F)"])
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118 ss_r = float(a1.loc["Residual", "sum_sq"])
119 df_r = float(a1.loc["Residual", "df"])
120 df_effect = df_g
121 df_error = df_r
122 partial_eta_sq = ss_g / (ss_g + ss_r) if (ss_g + ss_r) > 0 else np.nan
123 except Exception:
124 pass
125

126 rows.append({
127 "Measure": measure,
128 **desc,
129 "p-unadj": p_unadj,
130 "p-adj": p_adj,
131 "p-Sidak": np.nan, # filled below
132 "partial_eta_sq": partial_eta_sq ,
133 "F_adj": F_adj,
134 "df_effect": df_effect ,
135 "df_error": df_error
136 })
137 p_adj_list.append(p_adj)
138

139 # Šidák across measures (family = valid adjusted ’ps)
140 valid_p = [p for p in p_adj_list if pd.notna(p)]
141 m_family = len(valid_p) if valid_p else 1
142 for r in rows:
143 r["p-Sidak"] = sidak(r["p-adj"], m_family)
144

145 ancova_df = pd.DataFrame(rows)
146 # Reorder and round
147 ancova_cols = [
148 "Measure",
149 "N_total", "N_TA", "N_TA+PT", "N_SA+PT",
150 "TA_mean", "TA_SD", "TA_SEM", "TA_mean±SD(SEM)",
151 "TA+PT_mean", "TA+PT_SD", "TA+PT_SEM", "TA+PT_mean±SD(SEM)",
152 "SA+PT_mean", "SA+PT_SD", "SA+PT_SEM", "SA+PT_mean±SD(SEM)",
153 "p-unadj", "p-adj", "p-Sidak",
154 "partial_eta_sq", "F_adj", "df_effect", "df_error",
155 ]
156 ancova_cols = [c for c in ancova_cols if c in ancova_df.columns]
157 ancova_df = ancova_df[ancova_cols]
158 fmt_cols = {"TA_mean±SD(SEM)", "TA+PT_mean±SD(SEM)", "SA+PT_mean±SD(SEM)"}
159 num_cols = [c for c in ancova_df.columns if c not in fmt_cols and c not in ["Measure"

]]
160 ancova_df[num_cols] = ancova_df[num_cols].apply(pd.to_numeric , errors="coerce")
161 round_cols = [c for c in num_cols if c not in ["N_total", "N_TA", "N_TA+PT", "N_SA+PT"

, "df_effect", "df_error"]]
162 ancova_df[round_cols] = ancova_df[round_cols].round(4)
163 for c in ["N_total", "N_TA", "N_TA+PT", "N_SA+PT"]:
164 if c in ancova_df.columns:
165 ancova_df[c] = ancova_df[c].astype("Int64")
166

167 # -------------------------
168 # Pairwise (motion-adjusted) — Lp ONLY
169 # -------------------------
170 pairwise_rows = []
171

172 def adjusted_means(model, motion_mean):
173 emms = {}
174 for g in [1, 2, 3]:
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175 X = pd.DataFrame({"Group": [g], "Motion": [motion_mean]})
176 emms[g] = float(model.predict(X))
177 return emms
178

179 def contrast_t(model, L):
180 res = model.t_test(L)
181 eff = float(res.effect)
182 tval = float(res.tvalue)
183 pval = float(res.pvalue)
184 df = float(model.df_resid)
185 return eff, tval, pval, df
186

187 # Only for Lp
188 measure = "Lp"
189 sub = df[["Group", "Motion", measure]].dropna().copy()
190 sub.rename(columns={measure: "Y"}, inplace=True)
191

192 if not sub.empty:
193 model = smf.ols("Y ~ C(Group) + Motion", data=sub).fit()
194 params = list(model.params.index)
195 pnames = {name: i for i, name in enumerate(params)}
196

197 rmse = float(np.sqrt(model.mse_resid))
198 df_resid = float(model.df_resid)
199 J = (1.0 - 3.0 / (4.0 * df_resid - 1.0)) if df_resid > 1 else np.nan
200

201 m_motion = float(sub["Motion"].mean())
202 emms = adjusted_means(model, m_motion)
203

204 def L_vec(**coef_weights):
205 v = np.zeros(len(params))
206 for name, w in coef_weights.items():
207 if name in pnames:
208 v[pnames[name]] = w
209 return v
210

211 g2 = "C(Group)[T.2]"
212 g3 = "C(Group)[T.3]"
213 if g2 not in pnames or g3 not in pnames:
214 cand2 = [k for k in pnames if "C(Group)" in k and "T.2" in k]
215 cand3 = [k for k in pnames if "C(Group)" in k and "T.3" in k]
216 g2 = cand2[0] if cand2 else g2
217 g3 = cand3[0] if cand3 else g3
218

219 comparisons = [
220 ("TA vs TA+PT", 1, 2, L_vec(**{g2: -1.0})),
221 ("TA vs SA+PT", 1, 3, L_vec(**{g3: -1.0})),
222 ("TA+PT vs SA+PT", 2, 3, L_vec(**{g2: 1.0, g3: -1.0})),
223 ]
224

225 pvals = []
226 tmp_rows = []
227 for label, gA, gB, L in comparisons:
228 eff, tval, pval, df_t = contrast_t(model, L)
229 pvals.append(pval)
230

231 diff = emms[gA] - emms[gB]
232 d = diff / rmse if rmse > 0 else np.nan
233 g = (J * d) if (not np.isnan(d) and not np.isnan(J)) else np.nan
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234

235 t_df_str = f"{tval:.2f} ({int(round(df_t))})"
236

237 tmp_rows.append({
238 "Measure": measure,
239 "Comparison": label,
240 "Adj mean 1": emms[gA],
241 "Adj mean 2": emms[gB],
242 "t(df)": t_df_str ,
243 "p-unc": pval,
244 # p-Sidak added after loop
245 "cohen's d": d,
246 "Hedge's g": g
247 })
248

249 # Šidák within-measure (m=3, since 3 pairwise for Lp)
250 m_within = len([p for p in pvals if pd.notna(p)]) or 1
251 for row in tmp_rows:
252 row["p-Sidak"] = sidak(row["p-unc"], m_within)
253 pairwise_rows.append(row)
254

255 # -------------------------
256 # Save outputs
257 # -------------------------
258 with pd.ExcelWriter(ANCOVA_OUT , engine="openpyxl") as writer:
259 ancova_df.to_excel(writer, sheet_name="ANCOVA", index=False)
260

261 pairwise_df = pd.DataFrame(pairwise_rows)
262 if not pairwise_df.empty:
263 pw_cols = ["Measure", "Comparison", "Adj mean 1", "Adj mean 2", "t(df)", "p-unc",

"p-Sidak", "cohen's d", "Hedge's g"]
264 pairwise_df = pairwise_df[pw_cols]
265 for c in ["Adj mean 1", "Adj mean 2", "p-unc", "p-Sidak", "cohen's d", "Hedge's g"

]:
266 pairwise_df[c] = pd.to_numeric(pairwise_df[c], errors="coerce").round(4)
267 with pd.ExcelWriter(PAIRWISE_OUT , engine="openpyxl") as writer:
268 pairwise_df.to_excel(writer, sheet_name="Pairwise", index=False)
269 else:
270 pairwise_df = pd.DataFrame(columns=["Measure","Comparison","Adj mean 1","Adj mean

2","t(df)","p-unc","p-Sidak","cohen's d","Hedge's g"])
271 with pd.ExcelWriter(PAIRWISE_OUT , engine="openpyxl") as writer:
272 pairwise_df.to_excel(writer, sheet_name="Pairwise", index=False)
273

274 print(f"Done. Results saved to: {ANCOVA_OUT} and {PAIRWISE_OUT}")

225



12.3.13 Pearly Joubert

12.3.13 Statistical Analysis of SC Graph Measures that Violated Assumptions of ANCOVA

Figure 53: Pre-treatment sigma graph measure that violated the assumption of ANCOVA: Homogeneity of slopes

Figure 54: Pre-treatment linearity check for Sigma.
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Figure 55: Post-treatment Lp that voilated the Homogeneity of Slopes assumption of ANCOVA.

12.3.14 Statistical Analysis of FC Graph Measures that Violated Assumptions of ANCOVA
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Figure 56: Post-treatment Eg that voilated the Homogeneity of Slopes assumption of ANCOVA.
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Figure 57: Post-treatment Sigma that violated the normality assumption of ANCOVA.
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Figure 58: Pre-treatment Lp that violated the homogeneity of slopes assumption of ANCOVA.

Figure 59: Pre-treatment Lp that violated the linearity assumption of ANCOVA.
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12.3.15 Outlier Detection to use for Winsorizing Graph Theoretical Data
1 # Import required libraries
2 import numpy as np
3

4 # Step 1: Load data from .txt file line-by-line as a list
5 file_path = "/content/testing.txt" # Adjust this to your actual .txt file path/name
6 with open(file_path , 'r') as file:
7 values = [float(line.strip()) for line in file if line.strip()] # Read each line

as a float
8

9 # Step 2: Detect outliers using IQR method
10 Q1 = np.quantile(values, 0.25) # Calculate Q1 directly from list
11 Q3 = np.quantile(values, 0.75) # Calculate Q3 directly from list
12 IQR = Q3 - Q1
13 lower_bound = Q1 - 1.5 * IQR
14 upper_bound = Q3 + 1.5 * IQR
15

16 # Identify outliers
17 outliers = [x for x in values if x < lower_bound or x > upper_bound]
18

19 # Step 3: Display Q1, Q3, IQR, bounds, and outliers
20 print("Q1 (25th percentile):", Q1)
21 print("Q3 (75th percentile):", Q3)
22 print("IQR (Interquartile Range):", IQR)
23 print("Lower Bound (Q1 - 1.5 * IQR):", lower_bound)
24 print("Upper Bound (Q3 + 1.5 * IQR):", upper_bound)
25

26 if outliers:
27 print("\nDetected Outliers:")
28 for outlier in outliers:
29 print(outlier)
30 else:
31 print("\nNo outliers detected in the data.")

12.3.16 Python Script used for Calculating the Pearson Correlation Between FMA and the
Different Graph Theory Measures. Note: The Same Script was used for Structural
and Functional Graph Measures. Only the Input File Changed.

1

2 import pandas as pd
3 import numpy as np
4 from scipy import stats
5 import matplotlib.pyplot as plt
6

7 # Read the Excel file
8 df = pd.read_excel('/content/FC.xlsx')
9

10 # Define group mappings
11 group_map = {
12 '1': 'TA',
13 '2': 'TA+PT',
14 '3': 'SA+PT'
15 }
16

17 # Create separate dataframes for each group
18 groups = {}
19 for group_num in ['1', '2', '3']:
20 # Before data (b)
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21 before = df[df['Group'].str.startswith(group_num + 'b')]
22 # After data (a)
23 after = df[df['Group'].str.startswith(group_num + 'a')]
24 groups[group_map[group_num]] = {'before': before, 'after': after}
25

26 # Variables to correlate with FMA
27 variables = ['Cp', 'Lp', 'Sigma', 'Eg', 'Eloc']
28

29 # Colors for plotting (darker shades)
30 before_color = '#4B0082' # Darker purple (Indigo)
31 after_color = '#FF4500' # Darker orange (OrangeRed)
32 fit_line_color = 'grey'
33

34 # Iterate through variables and groups to create separate plots
35 for var in variables:
36 for group_name , group_data in groups.items():
37 # Create a new figure for each plot
38 plt.figure(figsize=(6, 5))
39

40 # Get data
41 before_fma = group_data['before']['FMA']
42 before_var = group_data['before'][var]
43 after_fma = group_data['after']['FMA']
44 after_var = group_data['after'][var]
45

46 # Combine before and after data for correlation
47 all_fma = pd.concat([before_fma , after_fma])
48 all_var = pd.concat([before_var , after_var])
49

50 # Calculate Pearson correlation
51 r, p = stats.pearsonr(all_fma, all_var)
52

53 # Plot scatter points
54 plt.scatter(before_var , before_fma , c=before_color , label='Before', alpha=0.6)
55 plt.scatter(after_var , after_fma , c=after_color , label='After', alpha=0.6)
56

57 # Calculate and plot best fit line
58 m, b = np.polyfit(all_var, all_fma, 1)
59 x = np.linspace(min(all_var), max(all_var), 100)
60 plt.plot(x, m*x + b, c=fit_line_color , linestyle='--')
61

62 # Customize plot
63 plt.xlabel(f'{var} (AUC)', fontweight='bold', fontsize=12)
64 plt.ylabel('FMA', fontweight='bold', fontsize=12)
65 #plt.title(f'{group_name}: FMA vs {var}')
66

67 # Add correlation info
68 plt.text(0.05, 0.95, f'r = {r:.3f}\np = {p:.3f}',
69 transform=plt.gca().transAxes ,
70 verticalalignment='top')
71

72 # Add legend
73 plt.legend()
74

75 # Adjust layout
76 plt.tight_layout()
77

78 # Save the plot as a PNG file
79 filename = f'{group_name}_FMA_vs_{var}.png'
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80 plt.savefig(filename , dpi=300, bbox_inches='tight')
81

82 # Close the figure to free memory
83 plt.close()
84

85 # Print correlation results
86 print("\nPearson Correlation Results:")
87 for var in variables:
88 print(f"\n{var}:")
89 for group_name in groups.keys():
90 all_fma = pd.concat([groups[group_name]['before']['FMA'],
91 groups[group_name]['after']['FMA']])
92 all_var = pd.concat([groups[group_name]['before'][var],
93 groups[group_name]['after'][var]])
94 r, p = stats.pearsonr(all_fma, all_var)
95 print(f"{group_name}: r = {r:.3f}, p = {p:.3f}")

12.3.17 Create FMA Line Graphs for Three Different Groups.
1 import pandas as pd
2 import numpy as np
3 import matplotlib.pyplot as plt
4

5 # Read the Excel file
6 data = pd.read_excel("FMA_winsor.xlsx")
7

8 # Define group mappings
9 group_map = {
10 '1': 'TA',
11 '2': 'TA+PT',
12 '3': 'SA+PT'
13 }
14

15 # Define colors for each group
16 colors = {
17 'TA': {'before': '#D8BFD8', 'after': '#800080'}, # Light purple, Dark purple
18 'TA+PT': {'before': '#FFDAB9', 'after': '#FF8C00'}, # Light orange, Dark orange
19 'SA+PT': {'before': '#98FB98', 'after': '#006400'} # Light green, Dark green
20 }
21

22 # Extract group number and condition from Group column
23 data['Group_Num'] = data['Group'].str[0] # Extract '1', '2', or '3'
24 data['Condition'] = data['Group'].str[1] # Extract 'b' or 'a'
25 data['Group_Name'] = data['Group_Num'].map(group_map) # Map to TA, TA+PT, SA+PT
26

27 # Function to calculate mean and standard error
28 def calc_stats(group_data):
29 mean = group_data['FMA'].mean()
30 std = group_data['FMA'].std()
31 n = len(group_data)
32 se = std / np.sqrt(n) if n > 1 else 0 # Standard error, 0 if n=1
33 return mean, se
34

35 # Create a single figure
36 fig, ax = plt.subplots(figsize=(8, 6))
37

38 # Process each group
39 for group_name in ['TA', 'TA+PT', 'SA+PT']:
40 # Filter data for the group
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41 group_data = data[data['Group_Name'] == group_name]
42

43 # Filter before and after data
44 before_data = group_data[group_data['Condition'] == 'b']
45 after_data = group_data[group_data['Condition'] == 'a']
46

47 # Calculate mean and standard error
48 before_mean , before_se = calc_stats(before_data)
49 after_mean , after_se = calc_stats(after_data)
50

51 # Plot before dot (using dark 'after' color)
52 ax.errorbar(1, before_mean , yerr=before_se , fmt='o', color=colors[group_name]['

after'],
53 capsize=5)
54

55 # Plot after dot (using dark 'after' color)
56 ax.errorbar(1.05, after_mean , yerr=after_se, fmt='o', color=colors[group_name]['

after'],
57 capsize=5)
58

59 # Connect before and after with a solid line
60 ax.plot([1, 1.05], [before_mean , after_mean], linestyle='-',
61 color=colors[group_name]['after'], label=group_name , linewidth=2)
62

63 # Customize plot
64 ax.set_xticks([1, 1.05])
65 ax.set_xticklabels(['Before', 'After'])
66 ax.set_xlabel('Condition')
67 ax.set_ylabel('Mean FMA Score')
68 ax.set_title('FMA Values Across Groups')
69 ax.legend()
70 ax.grid(True, linestyle='--', alpha=0.7)
71

72 # Save plot
73 plt.tight_layout()
74 plt.savefig('fma_combined_plot.png')
75 plt.close(fig)
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