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ABSTRACT 

Background and Purpose: Associations between white matter integrity and gait have not been 

assessed using neurite orientation dispersion and density imaging (NODDI). It is also unknown 

whether being cognitively impaired (CI) modifies the association between white matter integrity 

and slow gait. We assessed the association between NODDI metrics and gait speed in older 

adults (aged ≥ 55 years) in sensorimotor regions of interest (ROI) and evaluated for effect 

modification of this association by cognitive status. 

Methods: Baseline data for 325 cognitively normal (CN) and CI participants from the 

Alzheimer’s Disease Research Center Clinical Core (ADCC) prospective cohort was used. 

Sensorimotor ROIs included genu of the corpus callosum (gCC), superior longitudinal fasciculus 

(SLF), uncinate fasciculus (UF), and corticospinal tract (CST). Covariates included age, body 

mass index (BMI), education, sex, and race. Associations between neurite density index (NDI), 

orientation dispersion index (ODI), and volume fraction of isotropic water (Viso) and gait were 

assessed in ROIs adjusted for covariates and cognitive status. 

Results: Positive associations were observed between NDI and gait speed after adjustment for 

all covariates and cognitive status in the gCC ROI (β = 0.03; P=.01) and UF ROI (β = 0.03; 

P=.04). A positive association was also observed between ODI and gait speed after final 

adjustment in the SLF ROI (β = 0.03; P=.02). We did not observe evidence to support effect 

modification by cognitive status of the association between NODDI metrics and gait speed.  

Conclusions: Our findings demonstrate a pattern of higher-order multimodal connectivity is 

associated with slow gait in individuals with normal cognition and is maintained in those with 

cognitive impairment.  

Keywords: NODDI, gCC, UF, NDI, ODI, gait speed, cognitive impairment
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INTRODUCTION 

1.1 Mobility Performance and Cognition  

Stable mobility is a source of independence in older adults and research 

demonstrates that healthy physical function is associated with sound cognitive health [1, 

2]. Conversely, growing evidence suggests that poor mobility performance, such as 

impaired balance, slow gait, and variable stride dynamics, are prodromal markers for 

cognitive decline. The relationships between subtle changes in mobility and cognitive 

impairment as well as dementia have been characterized in cross-sectional and 

longitudinal studies [3-7]. 

 Gait Speed 

Gait speed is a commonly used measure in aging research because it is 

inexpensive, noninvasive, and requires minimal equipment. Although convenient, gait 

speed is influenced by walking characteristics such as stride and step variability and the 

ability to multi-task while walking. The measurement of gait speed does not capture 

changes in these walking characteristics, however, it has been shown to consistently 

predict cognitive decline [2, 5]. Further, gait speed is sensitive to differences in cognition 

across multiple domains. Thus, the measure of gait speed is a valuable method of 

assessment that is known to be associated with cognition. 

Functional capacity for gait control is a consequence of both physical health and 

neural connectivity. Walking characteristics do not solely rely on lower extremity 

function and muscle strength. Mobility is a function of descending neural commands 

derived from integrated sensorimotor and cognitive neural systems. According to work 

by Poole et al., 2018, slower walking speed and slower performance in a task that 



2 

 

measures executive function are both associated with poor white matter integrity 

measured by the diffusivity of water in the anterior thalamic radiation (ATR) and 

superior longitudinal fasciculus (SLF) [8]. The ATR is a white matter tract that conveys 

feedback from the dorsomedial thalamic nucleus to the prefrontal cortex. The SLF is a 

white matter tract that conveys multisensory input to the prefrontal cortex (PFC). Further, 

work by Bolandzadeh et al., 2014 reported a relationship between poor white matter 

health measured by white matter lesion burden and slow walking speed in the ATR [9]. 

This relationship was significantly modulated by measures of global cognition and 

executive function. Thus, the capacity for gait control and cognitive function are 

interconnected by shared neural substrates [2, 8-12].  

The association between gait speed and cognition is well characterized. Mounting 

research shows correlations between slow gait and the outcomes of poor executive 

function, processing speed, and memory in community dwelling older adults with normal 

cognition, mild cognitive impairment (MCI), Alzheimer’s disease (AD), and mixed 

dementia [5, 8, 13-18]. Work by Watson et al., 2010 shows cross-sectional associations 

between gait speed and cognitive performance on tasks measuring global cognition, 

verbal memory, executive function, and processing speed in a sample of cognitively 

normal individuals [19]. Doi et al., 2014 reports cross-sectional associations between 

slow gait speed and poor performance in processing speed, executive function, and visual 

memory in a sample of individuals exhibiting different subtypes of MCI [18]. Further, a 

longitudinal study conducted by Camargo et al., 2016 demonstrates that gait speed is 

associated with the incidence of AD and poor performance in tasks measuring visual 

memory, language, executive function, and visuoperceptual function [20].  
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Longitudinal studies provide further evidence that reduced gait speed is associated 

with change in cognition over time [2, 4, 16, 17].  For example, work by Mielke et al., 

2013 showed temporal associations between gait speed at baseline and changes in 

cognition [4]. Thus, slower gait speed measured at baseline was associated with decreases 

in memory, language, executive function, visuospatial, and global z-scores in a sample 

that included incidence of MCI and dementia. These researchers did not observe 

significant associations between cognitive z-scores in any domain at baseline and annual 

changes in gait. Further, Rosso et al., 2017 reported an odds ratio of .1 annual slowing in 

gait speed  associated with incidence of cognitive impairment over 14 years [2]. The 

associations between gait and cognition are also well characterized in magnetic resonance 

imaging (MRI) research across multiple modalities in cross-sectional and prospective 

studies. 

 1.2 The Relationship between White Matter and Mobility  

White matter abnormalities are associated with slow gait speed in aged 

individuals 50 years and older across disparate cognitive profiles. Previous studies have 

demonstrated prospective cross-sectional and longitudinal associations between white 

matter hyperintensities (WMHs) and fall risk in populations with dementia and MCI [21-

23]. WMHs are lesions to white matter caused by demyelination, oligodendrocyte 

apoptosis, hypoxic-ischemic damage, and/or cerebral hemodynamic changes that appear 

as hyperintense signals on T2 fluid attenuated inversion recovery (FLAIR) weighted MRI 

[24]. These lesions are biomarkers linked to multiple sclerosis and cardiovascular health, 

and commonly occur with increasing age due to alterations in cerebral blood perfusion 

[24]. Regional WMHs and global WMH volume are associated with MCI and dementia 
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as well as mobility abnormalities, such as impaired balance and slow gait [21, 23-25]. 

The relationships between WMHs and these mobility abnormalities have been 

characterized using a variety of validated instruments measuring motor function [22, 23, 

25-27]. Work showing these relationships have used an instrumented mat (a mat 

equipped with a sensor that measures stride and step variability), postural sway (a 

platform that measures dynamics of postural control), and Short Physical Performance 

Battery (SPPB)(a global physical performance test that measures balance, gait speed, and 

leg strength) [23, 25-27]. Further, associations between WMHs and mobility dysfunction 

have been demonstrated in older adults with normal cognition, MCI, and dementia [26, 

28-30]. From this evidence, it is clear that white matter health is associated with mobility 

in aged individuals across the spectrum of cognitive function, and thus prior to cognitive 

decline. However, T2 FLAIR MRI lacks the specificity to detect alterations in structural 

changes to normal-appearing white matter (NAWM) compared to diffusion weighted 

imaging that measures the integrity of water diffusivity within membrane bound brain 

tissue. NAWM is white matter that is presumed to be healthy and to exhibit no injury. 

The characteristics of white matter integrity have since been explored using more 

sensitive parameters from a diffusion weighted imaging modality known as Diffusion 

Tensor Imaging (DTI). 

 1.3 Diffusion Tensor Imaging  

DTI is an MRI modality used to detect structural abnormalities in NAWM tracts 

on T2 FLAIR MRI from measuring the diffusion of water within them. Quantification of 

water diffusivity enables the identification of declining white matter health where WMHs 

have not developed. Due to the density of cell membranes and myelin in white matter 
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tracts, water flow is restricted and highly directional along healthy white matter tracts. 

Therefore, DTI-derived indices can be used to assess deterioration of white matter 

structures via demyelination and axonal degeneration that leads to increased water 

displacement in white matter tracts [31-33]. DTI has been used to assess the association 

between white matter health and mobility performance in older adults with normal 

cognition and cognitive impairment.  

DTI metrics have been used to assess region-specific white matter alterations 

associated with motor disturbances in older adults with healthy cognition and cognitive 

impairment [8, 29, 34]. In a sample of cognitively normal community-dwelling older 

adults Rosario et al., 2016 demonstrated that poor white matter health indexed through 

DTI was associated with slower gait. Poor white matter health in this study further 

modulated the association between WMHs and slow gait [34]. The association of WMHs 

with gait speed in this sample was only significant among individuals with poor white 

matter health as measured by DTI. Verwer et al., 2019 showed a significant association 

between poor white matter health from DTI and slower gait speed in a sample collected 

from a memory clinic that included older adults with MCI, AD, vascular dementia, and 

no objective cognitive impairment [29]. The primary associations between white matter 

health and gait speed were not compared between the cognitive groups and participants 

with no objective cognitive impairment accounted for only 20% of the sample. To our 

knowledge, this is the only study that assesses the association between white matter 

health and gait speed in a sample that included normal cognition, MCI, and dementia, 

however, they did not assess whether the associations were different between cognitive 

groups. Further, there is no published work that directly compares the association 
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between white matter health and mobility performance between cognitively normal and 

cognitively impaired groups. This highlights the need to address the relative contribution 

of cognitive status to the associations between white matter and mobility.  

 DTI Metrics 

 The most commonly used DTI metrics are mean diffusivity (MD) and fractional 

anisotropy (FA). MD is an approximation of the average rate of diffusivity, which 

increases with age, particularly in the anterior white matter [35]. Higher values denote a 

greater rate of diffusion and are indicative of poor structural integrity. FA is a scalar 

index ranging between zero (isotropic diffusion) and one (anisotropic diffusion). FA 

represents the unidirectional magnitude of the restricted displacement of water along 

fiber bundles, which decreases with age and various pathological trajectories [35-38]. FA 

reflects the structural integrity of fiber membrane and myelination [39]. Higher values 

represent greater structural integrity, whereas lower values denote microstructural 

degradation of fiber membrane and myelin. FA is influenced by the spatial configuration 

of white matter fibers. Fiber orientation is not all coherently aligned throughout the brain. 

White matter tracts vary in their angular organization. This angular configuration alters 

the unidirectional magnitude of diffusion, which alters FA values where white matter 

tracts bend and fan. Some fiber populations are also known to cross each other. Fiber 

crossing is the intersection of discrete fiber populations in single image voxels, which 

alters the FA values in the voxels of interest [40].  

The angular configuration of white matter tracts within a voxel alters the 

approximation of any given metric. Axial diffusivity (AxD) and radial diffusivity (RD) 

are more recent parameters that overcome some of these limitations. AxD and RD 



7 

 

modeling enables the quantification of the spatial configuration of fibers [31, 32, 38, 41]. 

AxD represents the diffusivity of water parallel to the tract within each voxel of interest. 

RD is an index of the diffusivity of water diffusing perpendicular to the tract [32]. 

Although AxD and RD resolve the limitation of angular configuration of white matter, no 

DTI index can resolve the influence of fiber crossing. 

DTI Pitfalls 

Reduced FA is a proxy for disruptions in NAWM. However, FA indices have not 

consistently detected anatomical disparities between older populations with normal 

cognition and MCI [42-44]. New approaches to mathematical modeling and estimates of 

parameters like RD and AxD can approximate the angular variation of white matter. Due 

to these characteristics, the estimates in FA may not be very robust or accurate, and more 

importantly, these DTI parameters cannot overcome the challenge of crossing fiber 

populations. However, promising diffusion weighted imaging techniques have emerged 

that may enhance the sensitivity to detect preclinical changes in white matter integrity.  

 1.4 Neurite Orientation Dispersion and Density Imaging  

Neurite orientation dispersion and density imaging (NODDI) is a relatively new 

diffusion weighted imaging modality that may have greater sensitivity to detect 

microstructural white matter changes than conventional DTI methods [43, 45-47]. Prior 

research has validated NODDI techniques with assessment of histological agreement of 

neurite density in healthy human brain samples [20-22]. This work cross-validates neurite 

density derived from healthy rodent and nonhuman primate studies. 

 NODDI Metrics  
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 NODDI techniques model three non-exchanging compartments of space in the 

central nervous system (CNS). These compartments incorporate a net signal of diffusivity 

and include the intra-cellular space, extra-cellular space, and cerebral spinal fluid (CSF). 

The intra-cellular compartments (i.e., somas and neurites) are modeled as restricted 

diffusion. The extra-cellular space, which is occupied by neurites, somas, and glial cells 

is modeled as hindered diffusion. The CSF compartment is modeled as isotropic “free” 

water (i.e., water free flowing in each direction in a single voxel) [38, 45, 46, 48]. The 

signals from these compartments are modeled to approximate more sensitive metrics to 

overcome the challenges of white matter configuration. These metrics also disentangle 

the morphological entities that influence diffusivity, such as neuro-inflammation, 

atrophy, and reduced volume of neurite density [48]. The three main metrics derived 

from NODDI are orientation dispersion index (ODI), volume fraction of isotropic water 

(Viso), and neurite density index (NDI). 

ODI approximates the diffusivity in the extra-cellular compartment, which 

quantifies the spatial configuration of neurite dispersion. Low ODI values in white matter 

represent coherently aligned and otherwise healthy structures, whereas high values 

represent more radial displacement, which indicates altered fiber coherence. Thus, higher 

ODI values in white matter indicate altered diffusivity likely due to microstructural 

disruptions to the white matter such as axonal degeneration and the upregulation of 

microglia occupancy, both of which alter the configuration of white matter and thus the 

diffusivity of water [45, 49, 50]. Viso represents CSF, the diffusion of which is isotropic 

in nature. Higher values reflect enlarged CSF space due to atrophy or reduced cell 

volume [43, 50]. The NDI is derived from the intra-cellular volume fraction. NDI values 



9 

 

are higher in white matter where fibers are tightly-packed compared to gray matter, 

which has a more distributed configuration [45, 51]. Lower NDI values represent a 

reduced cell volume, which is a biophysical measure of myelin, axonal, and dendritic 

loss. Lower NDI is characteristic of aging, and is further exacerbated through 

pathological trajectories of neurodegeneration [48].  

 Discriminative Sensitivity of NODDI  

Several studies have compared DTI and NODDI imaging parameters directly and 

observed that NODDI parameters detected structural abnormalities DTI parameters did 

not. In a recent study comparing imaging parameters from DTI and NODDI across 

different cognitive groups, NODDI indices reportedly discriminated white matter 

alterations between cognitively normal and MCI groups, whereas FA values derived from 

DTI did not [43]. Additionally, Timmers et al., 2016 reported region-specific alterations 

captured by NDI and ODI indices that were not detected by FA in a clinical sample 

presenting with a well-characterized inherited metabolic disease, galactosemia, known to 

affect white matter health [45]. Conventional DTI parameters illustrate convincing 

observable differences in diffusivity; however, these changes do not confer direct 

evidence of the influence of atrophy and inflammation to the diffusivity alterations. 

Recent research has shown NODDI parameters, however, are sensitive to these nuanced 

modulations.  

Neuroinflammation has been shown to alter diffusivity. Yi et al., 2019 recently 

investigated the influence of inflammation ex vivo revealing the relationship between 

microglial density and ODI in a mouse model [49]. Mice were treated with colony 

stimulating factor receptor inhibitor (CSFr), which suppressed circulating microglia. 
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Brains were imaged 0, 1, 3, and 7 days following withdrawal from CSFr. The results 

showed an increase in ODI as microglia repopulation upregulated following withdrawal 

from suppression [49]. This study is the first to report a direct relationship between 

neuroinflammation and commensurate diffusivity disruptions.  

Cerebral atrophy has also been shown to alter diffusivity. Viso is a measure that 

reflects cerebral atrophy. An increase in Viso signifies a decrease in cell volume and NDI 

denotes cell volume. Merluzzi et al., 2016 reported higher widespread Viso commensurate 

to lower gray matter NDI [50]. This study also showed an age-associated difference in 

NDI such that older age correlated to lower gray matter NDI in the ventromedial and 

dorsomedial frontal cortex, cortices posterior to the medial frontal gyrus, and superior 

frontal cortices anterior to the premotor cortex. Another important finding from this study 

is the association between NDI and cognitive performance. Associations were shown 

between lower NDI values and poor cognitive performance on the Rey Auditory Verbal 

Learning Test (RAVLT) and Trail Making Test (TMT) part B. These results indicate the 

measure of NDI is sensitive to detect differences in cognition in multiple cognitive 

domains. The sample in this study only included cognitively normal individuals.  

Prior studies have compared NODDI parameters between individuals with normal 

cognition and cognitive impairment. Fu et al., 2019 compared NODDI parameters across 

groups exhibiting normal cognition, MCI, and AD [43]. This study reported lower NDI 

and higher Viso values in MCI and AD groups compared to healthy controls, which is 

analogous to the association between cognitive performance and lower NDI reported by 

Merluzzi et al., 2016 [43, 50]. In a sample of young onset AD (YOAD), Slattery et al., 

2017 showed associations between lower NDI with visuospatial and visuoperceptual 
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tasks, which corresponded to lower FA in the same regions [52]. These researchers report 

NDI as the key factor that influenced FA. The findings presented from these two studies 

support the sensitivity of NDI to detect differences in cognitive performance across 

multiple domains and between groups with different cognitive profiles. Collectively, the 

studies presented in this section support the utility of employing the NODDI technique. 

 1.5 Gaps in the Literature 

NODDI is new modality from which researchers have made strides in elucidating 

intricacies in the complex microenvironment of the brain. Important milestones include 

higher sensitivity to detect white matter alterations compared to measures of FA in 

samples exhibiting well-characterized pathologies and between cognitive groups as well 

as direct associations between diffusivity alterations and neuro-inflammation, age, and 

cognitive performance [43, 45, 49, 50, 53]. The research presented here supports the use 

of NODDI compared to DTI, however, in aging research, NODDI remains under-utilized. 

No published work has examined associations between NODDI measures of white matter 

health and mobility. Mobility is a key behavioral source of independence in older adults 

that is known to decline with normal aging prior to cognitive impairment. Further, no 

currently published work has directly compared the association between white matter 

health and mobility between cognitively normal and cognitively impaired groups. It is 

unknown whether the association between white matter health and mobility is different 

between cognitive status. These gaps warrant the investigation of the relationship 

between NODDI-derived white matter health and mobility between aged populations 

presenting with distinct cognitive profiles to identify potentially different degenerative 

patterns in mobility decline. 
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Our study had two objectives. Our first objective was to evaluate the association 

between white matter health, as determined via NODDI parameters, and gait speed in 

cognitively normal and cognitively impaired older adults. We will assess this association 

after adjustment for age, body mass index (BMI), hypertension, education, sex, and race 

and focus on selected sensorimotor regions of interest (ROI). Aging, BMI, and 

hypertension are conditions independently associated with slower gait, cognitive decline, 

and poor white matter integrity [4, 43, 54-59]. Additionally, education, sex, and race are 

factors tied to socioeconomic disparities associated with differences in physical function 

and brain health [58-60]. Therefore, our goal is to elucidate an association facilitated by 

white matter correlates independent of these covariates. Our second objective was to 

evaluate whether the association between white matter health indexed through NODDI 

parameters and gait speed is different between cognitively normal and cognitively 

impaired groups. Patterns of white matter integrity have been shown to differ between 

older adults presenting with distinct cognitive profiles [43]. Further, associations between 

white matter integrity and gait speed are not ubiquitous in all white matter tracts in 

samples of older adults exhibiting normal cognition and cognitive impairment. This 

suggests white matter integrity may be associated with gait differentially by different 

levels of cognitive status selectively in different white matter tracts. Thus, the objective 

of this study was to determine if the associations between poor white matter health in 

sensorimotor ROIs and slow gait independent of age are modulated by cognitive status.  

Our ROIs included the corticospinal tract (CST), superior longitudinal fasciculus 

(SLF), uncinate fasciculus (UF), and the genu of the corpus callosum (gCC).  Motor, 

sensory, and cognitive information share a common neural resource, the PFC [8, 9]. The 
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PFC is affected early in the stereotypical structural trajectory of neurodegeneration in 

normal aging [50, 61]. Neural coordination of higher-order multimodal (sensory and 

cognitive) connectivity between the PFC and posterior brain regions deteriorates in 

normal aging [61]. In theory, this pattern of cortical disconnection leaves the PFC 

vulnerable to a high functional demand to coordinate behavioral commands with less 

neural resources. We speculate this facilitates a competition between cognitive and motor 

outsourcing, a mechanism by which mobility may be compromised in older adults.  

Mobility is coordinated through maintenance of multimodal cognitive and 

integrated sensory information and descending motor commands. Thus, mobility can be 

compromised downstream directly through structural degradation of the CSTs, which are 

motor fibers descending from the motor cortex. The CST relays motor commands to the 

spinal cord [62]. However, mobility can also be affected upstream through compromised 

recruitment of integrated sensory and cognitive information through the PFC. The SLF is 

a bidirectional tract that conveys integrated multi-sensory information between the PFC 

and posterior and temporal brain regions, which contributes to motor planning and 

monitoring [63]. The UF is a bidirectional tract that connects the temporal and frontal 

lobes and is believed to convey cognitive information between the hippocampus and the 

PFC to, in part, coordinate maintenance of spatial location and performance of motor 

control [64, 65]. Additionally, interhemispheric coordination relies on the integrity of 

white matter traversing the corpus callosum. The gCC coordinates prefrontal and anterior 

frontal interhemispheric crosstalk of cognitive and premotor information [66]. Further, 

these ROIs are fibers in which FA values have been shown to be associated with 

mobility, which further suggests the prefrontal cortex mediates mobility decline [8, 34, 
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67-71]. Given the trajectory of neurodegeneration in the PFC in normal aging we posit 

the structural integrity in the SLF, UF, and gCC will be associated with gait speed among 

both cognitively normal and impaired groups. Degenerative patterns become more 

diffuse with cognitive impairment and dementia. Thus, we further hypothesize structural 

integrity in the CST would be associated with gait only in the cognitively impaired group.  

 Research Specific Aims and Hypotheses: 

 The specific aims of the present research are:  

1. Assess the associations between NDI, ODI, and Viso with gait speed after adjustment for 

age, BMI, hypertension, education, sex, and race across ROIs in all participants. 

Hypothesis 1: Lower NDI will be associated with slower gait speed in all ROIs 

independent of all covariates. Higher ODI and Viso will be associated with slower gait 

speed in all ROIs independent of all covariates.  

2. Assess for effect modification by cognitive status on the associations between NDI, ODI, 

and Viso with gait across ROIs.   

Hypothesis 2a: Interactions between NDI, ODI, and Viso and cognitive status will be 

observed in the CST such that lower NDI and greater ODI and Viso will be associated 

with slower gait among cognitively impaired, but not among cognitively normal. 

Hypothesis 2b: The associations between NODDI parameters and gait speed will not 

differ between cognitive groups in the SLF, UF, and gCC.  
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METHODS 

2.1. Study Design and Population 

 For this project, we used baseline data from the Alzheimer’s Disease Research 

Center Clinical Core (ADCC) prospective cohort, an observational study of community-

dwelling individuals who will be followed for at least five years. Study participants were 

recruited using advertisements, community outreach, and through clinic referrals from the 

Wake Forest Baptist Medical Center Memory Assessment Clinic (MAC) and other 

surrounding clinics in the Winston-Salem Triad region. In-person clinical assessments 

occurred at the Wake Forest Baptist Medical Center (WFBMC). Participants were 

eligible if they were 55 years or older, had normal or impaired glucose metabolism, and 

were adjudicated as cognitively normal (CN) or as having MCI, or dementia (AD or 

mixed AD and vascular pathology). Exclusion criteria included presence of diagnosed 

neurological diseases other than AD, organ failure determined by study clinicians, current 

substance abuse, history of substance abuse or alcoholism within the past 10 years, 

depression or other psychiatric disorders determined by study clinicians, current use of 

insulin, or brain MRI contraindications. WFBMC Institutional Review Board-approved 

written informed consent was obtained from all participants. For participants with AD, 

participant assent was obtained as well as consent from the participant’s legally 

authorized representative.  

Participants were included in this analysis if they were adjudicated as having 

single domain amnestic MCI (aMCI-SD) or multi-domain amnestic MCI (aMCI-MD). 

Participants with non-amnestic MCI were not included in this analysis. Individuals 

diagnosed with amnestic MCI (aMCI) have an increased risk of transitioning to AD 
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compared to individuals with non-amnestic MCI [72]. Further, literature suggests aMCI 

may be more strongly associated with slower gait than non-amnestic MCI [3]. MCI 

classification was defined according the Uniform Data Set version 3 (UDS3). aMCI-SD 

was defined as memory being the only affected domain. aMCI-MD was defined as at 

least one other cognitive domain other than and in addition to memory being affected.  

The a priori analysis plan was to compare associations between gait and NODDI 

parameters in three cognitive groups: CN, aMCI, and AD. However, the final sample 

included only 37 individuals with AD. Therefore, aMCI and AD participants were 

combined into a group referred to from this point forward as the Cognitively Impaired 

(CI) group. Our sample included 344 participants, 145 with cognitive impairment and 

198 with normal cognition. A total of 19 participants were dropped for reasons including 

missing gait assessments (n=9), missing NODDI data (n=1), or evidence of failed image 

processing (n=6). We excluded 3 participants with gait outliers exhibiting fast gait that 

exceeded the appropriate cut-off [58]. We did not analyze NODDI measures from the 

right SLF in 1 participant due to evidence of a possible infarct in the right parietal white 

matter. The remaining NODDI outliers were not included for analysis due to evidence of 

potentially poor alignment of brain masking within the brain regions where the outliers 

were produced (5 measures). The final sample included 325 participants, 135 with 

cognitive impairment (98 aMCI and 37 AD) and 190 with normal cognition. Baseline 

characteristics from this cohort were collected using the UDS3. The a priori statistical 

plan included adjustments for factors associated with mobility, white matter health, and 

cognition [58-60, 73] including age, sex, race, BMI, education, history of depression, 

status of current insomnia, status of current smoking, hypertension, and diagnosis of type 
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2 diabetes. Final analyses omitted adjustments for history of depression, status of current 

insomnia, status of current smoking, and diagnosis of type 2 diabetes because the 

prevalence of each was low in the total sample. 

2.2. Gait Assessment 

Gait speed was measured using the Expanded Short Physical Performance Battery 

(eSPPB), which is a global physical function assessment administered to the ADCC 

cohort by study staff. As part of the eSPPB, gait speed was measured on a marked 4-

meter walking course. Participants were instructed to stand behind the start line and walk 

at their usual pace until they crossed the 4-meter line at the opposite end of the course. 

They were asked to repeat this procedure twice back to back. Each trial was timed with a 

stop watch. The faster of the two trials was selected. Gait speed was calculated as meters 

per second (m/s).  

2.3. Adjudication of Cognitive Status  

 Cognitive status was determined through consensus according to the Petersen and 

NIA-AA criteria by a panel that included a board-certified geriatrician, neurologist, and 

neuropsychologist. MCI was defined as meeting objective evidence of memory and/or 

executive function deficits on neuropsychological testing (typically >1.5 SD below 

demographically relevant norms on a single test or deficit of >1.0 SD on two tests within 

one cognitive domain or on three single tests in three different domains) and a clinical 

dementia rating (CDR) of 0 or 0.5. aMCI-SD was defined as memory being the only 

affected domain. aMCI-MD was defined as memory in addition to at least one other 

domain being affected. Participants who were adjudicated as having dementia likely due 

to AD or mixed AD and vascular pathology with a Mini-Mental Status Exam (MMSE) 
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score ≤ 10, a CDR of 0.5 or 1, and were included if a reliable study partner was willing to 

attend all visits. 

2.4. Image Acquisition and Processing 

 Images were acquired on a Siemens MAGNETOM Skyra 3T MRI using a 32-

channel head coil. T1-weighted anatomical images were acquired in the sagittal plane 

with 3D volumetric magnetization-prepared rapid acquisition with gradient echo 

sequence (MPRAGE) with the following parameters: TR/TE= 2300/2.98 ms, flip angle= 

9°, slices= 192, FoV= 256mm x 256mm, voxel size= 1.0 x 1.0 x 1.0 mm, TI=900 ms. 

Diffusion-weighted images were acquired in the axial plane using a 2D single shot echo 

planar imaging (EPI) sequence with different phase encode directions. The parameters 

are as follows: TR/TE= 3500/106 ms, FoV= 256mm x 256mm, voxel size= 2.0 x 2.0 x 

2.0 mm, slices= 80, b=0/711/1000/2855 s/mm2; directions=120, flip angle= 90°, phase 

encode direction=anterior to posterior/posterior to anterior, multi-band acceleration 

factor= 2. 

Images were converted from DICOM to NIFTI format. In FSL, non-brain tissue 

was segmented from brain tissue and extracted. Susceptibility-induced distortions and 

eddy currents were corrected using TOPUP and eddy current tools respectively in the 

FSL toolbox. NDI, ODI, and Viso  parameter maps were derived using AMICO, a 

linearization fitting model, as seen in Daducci et al., 2015 [74]. Parameter maps were 

warped into Montreal Neurological Institute (MNI) standard space using the Matlab 

Statistical Parametric Mapping 12 (SPM12) software and CAT12 toolbox. ROIs from the 

JHU white matter tracts atlas were overlaid on parameter maps and mean parameter 

values were computed for each ROI for each participant. 
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2.5. Statistical Analysis  

 All analyses were performed in SAS Enterprise Guide® 7.1 (64-bit) software 

(SAS Institute Inc., Cary, NC, USA). We compared characteristics between CN and CI 

groups using a Student’s t-test for continuous variables (age, BMI, education, NODDI, 

and gait) and chi-square for categorical variables (sex, race, depression, insomnia, current 

smoking status, hypertension, and type-2 diabetes). Bilateral tracts (CST, SLF, UF) were 

combined and the average of each combined value was used. To put continuous predictor 

variables on the same scale, values were standardized to a standard deviation scale by 

dividing each individual observation value by the overall sample standard deviation. Gait 

speed was the primary outcome. A general linear model was used to assess the 

associations between standardized NODDI measures (NDI, ODI, Viso) and gait speed 

(m/s) unadjusted and adjusted for covariates in each ROI, for a total of 12 linear models. 

Associations between NODDI parameters (NDI, ODI, and Viso) and gait speed were 

assessed with sequentially adjusted models. Model 1 included adjustment for age only. 

Model 2 included adjustment for age and BMI. Model 3 included adjustment for age, 

BMI, education, sex, race, and hypertension. Model 4 included adjustment for all 

covariates and cognitive status. A general linear model was used to evaluate the 

interaction effects between standardized NODDI measures (NDI, ODI, Viso) and 

cognitive status (cognitive impairment and normal cognition) on gait speed (m/s). We 

restricted the assessment for interaction to NODDI measures that were statistically 

significantly associated with gait speed (p ≤ .05) which resulted in 3 NODDI measures. A 

sensitivity analysis was performed using a general linear model to assess the associations 

between standardized ODI and gait speed (m/s) in individual unilateral SLF tracts 
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sequentially adjusted for covariates and cognitive status to find alternative explanations 

for unexpected results. A 2-sided alpha of 0.05 was considered statistically significant.   
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RESULTS 

3.1 Characteristics of Study Population  

 The overall sample of 325 included 135 CI (mean age ± SD = 74.00 ± 7.34; 52 % 

female; 14 % black) and 190 CN (mean age ± SD = 70.22 ± 7.82; 73 % female; 12 % 

black) participants. CN participants accounted for 58 % of the sample.  

Demographic characteristics are presented in Table I. CI participants on average 

were older and had fewer years of education than CN participants. Overall, the sample 

was majority female with more females in both groups compared to males. The sample 

was also majority white. The average BMI was overweight for both cognitive groups, 

however, there were no observed differences between them. Among the whole sample, 

40% participants exhibited hypertension. The percentage of participants with 

hypertension was not significantly different between groups. 

  

Total CI CN

n=(325) n=(135) n=(190) p-value 

Age, mean years (±SD) 71.78 (±7.84) 74.00 (±7.34) 70.22 (±7.82) .0001

Sex · · · .0001

Male, N (%) 114 (35.08) 64 (47.41) 50 (26.32) ·

Female, N (%) 211 (64.92) 71 (52.59) 140 (73.68) ·

Race · · · .0001

White, N (%) 277 (85.23) 114 (84.44) 163 (85.79) ·

Black, N (%) 43 (13.23) 19 (14.07) 24 (12.63) ·

BMI, mean kg/m² (±SD) 27.51 (±5.41) 26.96 (±4.41) 27.91 (±6.16) .13

Education, mean years (±SD) 15.79 (±2.47) 15.30 (±2.69) 16.14 (±2.25) .0026

Depression, N (%) 63 (20.13) 24 (18.60) 39 (21.20) .76

Insomnia N (%) 64 (20.51) 32 (24.43) 32 (17.68) .25

Current smokers, N (%) 15 (4.81) 8 (6.11) 7 (3.87) .33

Hypertension, N (%) 125 (40.06) 61 (46.56) 64 (35.36) .07

Type II Diabetes, N (%) 21 (6.73) 15 (6.25) 12 (7.69) .88

Notes: p-values for sex and race denote differences between proportions of levels within the sample. Remaining p-values denote differences between 

cognitively normal and cognitively impaired groups. Categorical variables are presented as counts and percentages. Continuous variables are 

presented as mean and SD.

Abbreviations: CN= Cognitively normal; CI = Cognitively impaired; SD = Standard deviation; BMI = Body mass index 

Table I:  Demographic Characteristics 

Characteristics
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Unadjusted differences between cognitive groups in gait speed and NODDI 

parameters are presented in Table II. Gait speed was slower in people with CI compared 

to CN. In the gCC, NDI was lower in the CI group compared to CN, whereas ODI and 

Viso were higher in the group with CI compared to CN. In the SLF, both NDI and ODI 

were lower in the CI group compared to CN. No differences in Viso were observed 

between groups in the SLF. In the UF, there were only observed differences in lower NDI 

in the CI group compared to CN. No differences in NDI, ODI, and Viso measured in the 

CST were observed between cognitive groups in unadjusted comparisons.   

 

 

 

 

 

Total CI CN

n=(325) n=(135) n=(190) p-value 

Gait speed, m/s, mean (±SD) .96 (±.22) .89(±.22) 1.00(±.11) .0001

NDI in gCC, mean (±SD) .64 (±.07) 0.6210(0.08) 0.6597(0.06) .0001

NDI in bilateral CST, mean (±SD)  .97 (±.03) 0.9654(0.02) 0.9647(0.03) .82

NDI in bilateral SLF, mean (±SD)  .67 (±.05) 0.6555(0.06) 0.6823(0.05) .0001

NDI in bilateral UF, mean (±SD)  .61 (±.06) 0.5968(0.06) 0.6152(0.06) .005

ODI in gCC, mean (±SD) .20 (±.02) 0.2070(0.02) 0.2022(0.02) .04

ODI in billateral CST, mean (±SD) .32 (±.06) 0.3200(.05) 0.3244(.06) .49

ODI in bilateral SLF, mean (±SD) .24 (±.02) 0.2381(0.02) 0.2488(0.02) .0001

ODI in bilateral UF, mean (±SD) .23 (±.04) 0.2288(0.04) 0.2253(0.04) .39

Viso  in gCC,  mean (±SD) .11 (±.04) 0.2072(0.05) 0.1934(0.04) .002

Viso  in bilateral CST, mean (±SD) .12 (±.04) 0.1190(0.04) 0.1227(0.04) .42

Viso  in bilateral SLF, mean (±SD) .11 (±.02) 0.1146(0.03) 0.1151(0.02) .85

Viso  in bilateral UF, mean (±SD) .11 (±.04) 0.1173(0.04) 0.1126(0.04) .27

Abbreviations: CN= Cognitively normal; CI = Cognitively impaired; SD = Standard deviation;  NDI = neurite density index; ODI = 

orientation dispersion index; Viso = volume fraction of isotropic water; gCC = genu of the corpus callosum; CST = corticospinal tract; SLF = 

superior longitudinal fasciculus; UF = Uncinate fasciculus

Table II:  Gait and NODDI Characteristics

Characteristics

Notes: p-values denote differences between cognitively normal and cognitively impaired groups. The mean value and SD for NDI, ODI, and 

Viso in each tract was used. Bilateral white matter tracts from each cerebral hemisphere were combined and the averaged value was usesd 

for NDI, ODI, and Viso. NDI represents the intra-celluar volume fraction; ODI is the measure of extra-cellular diffusivity; Viso is the volume 

fraction of CSF.
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3.2 Associations between NODDI parameters and Gait Speed in Unadjusted and 

Adjusted Models  

 Results from unadjusted models for primary associations between 1-SD increment 

in NODDI parameters and gait speed are presented in Table III. In the gCC significant 

associations were observed between 1-SD increment in NDI and faster gait speed (per 1-

SD in gCC-NDI β = 0.07; P=.0001; 95% CI [0.05, 0.09]) and between 1-SD in ODI and 

slower gait speed (per 1-SD in gCC-ODI β = -0.02; P=.04; 95% CI [-0.05, -0.00]). In the 

SLF significant associations were observed between 1-SD increment NDI and faster gait 

speed (per 1-SD in SLF-NDI β = 0.05; P=.0001; 95% CI [0.03, 0.07]) and between 1-SD 

increment ODI and faster gait speed (per 1-SD in SLF-ODI β = 0.04; P=.003; 95% CI 

[0.01, 0.06]). In UF significant associations were observed between 1-SD increment NDI 

and faster gait speed (per 1-SD in UF-NDI β = 0.03; P=.009; 95% CI [0.01, 0.05]) and 

between 1-SD increment ODI and slower gait speed (per 1-SD in UF-ODI β = -0.03; 

P=.01; 95% CI [-0.05, -0.01]). In the CST no significant associations were observed. 

There were also no significant associations observed between Viso and gait speed in any 

ROI.  
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β coefficient 95% CI

Genu Corpus Callosum 0.0685 *** (0.0461, 0.0909)

Corticospinal Tract -0.0007 (-0.0243, 0.0228)

Superior Longitudinal Fasciculus 0.0504 *** (0.0276, 0.0733)

Uncinate Fasciculus 0.0314** (-0.0081, 0.0546)

Genu Corpus Callosum -0.0242* (-0.0476, 0.0008)

Corticospinal Tract 0.0149 (-0.0086, 0.0385)

Superior Longitudinal Fasciculus 0.0357** (0.0124, 0.0581)

Uncinate Fasciculus -0.0291* (-0.0530, -0.0066)

Genu Corpus Callosum -0.0219 (-0.0453, 0.0016)

Corticospinal Tract -0.0069 (-0.0304, 0.0166)

Superior Longitudinal Fasciculus -0.0220 (-0.0454, 0.0014)

Uncinate Fasciculus -0.0105 (-0.0331, 0.0130)

Abbreviations: NODDI=neurite orientation dispersion and density imaging; ROI=region of interest; 

CI = Confidnece interval; NDI = neurite density index; ODI = orientation dispersion index; Viso = 

volume fraction of isotropic water; gCC = genu of the corpus callosum; CST = corticospinal tract; SLF 

= superior longitudinal fasciculus; UF = Uncinate fasciculus.

*     <.05

**   ≤.005

*** ≤.0001

Table III: Unadjusted Associations between NODDI and Gait Speed in White Matter ROI

Notes: NODDI parameters were standardized to 1-standard deviation unit increments from their 

original values. β coefficients denote a 1-standard deviation unit increment in NODDI (NDI, ODI, and 

Viso) associated with a m/s unit chane in gait speed.

Outcome for Gait Speed

ODI 

NDI 

Viso

NODDI by ROI
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Results from minimally and fully adjusted models for primary associations 

between 1-SD increment in NODDI parameters and gait speed are presented in Table IV. 

In Model 1, after adjustment for age, significant associations were observed in the gCC, 

SLF and UF. In the gCC a significant association between higher NDI and faster gait 

speed (per 1-SD in gCC-NDI β = 0.05; P=.0001; 95% CI [0.02, 0.07]) was observed. In 

the SLF significant positive associations were observed between NDI and gait speed (per 

1-SD in SLF-NDI β = 0.03; P=.02; 95% CI [0.01, 0.05]) and between ODI and gait speed 

(per 1-SD in SLF-ODI β = 0.02; P=.04; 95% CI [0.00, 0.04]). In the UF a negative 

association was observed between ODI and gait speed (per 1-SD in UF-ODI β = -0.03; 

P=.001; 95% CI [-0.05, -0.01]).     

In model 2, after adjustment for BMI, 1-SD increment in NDI remained 

significantly associated with faster gait speed when NDI was assessed in the gCC (per 1-

SD in gCC-NDI β = 0.05 P=.0001; 95% CI [0.02,0.07]) and in the SLF (per 1-SD in 

SLF-NDI β = 0.03; P=.01; 95% CI [0.01, 0.05]). A 1-SD increment in NDI was 

associated with faster gait speed when NDI was assessed in the UF (per 1-SD in UF-NDI 

β = 0.04; P=.004 [0.01, 0.06]) after further adjustment for BMI (Model 2). 1-SD 

increment in ODI also remained associated with faster gait speed in the SLF (per 1-SD in 

SLF-ODI β = 0.03; P=.005; 95% CI [0.01, 0.06]). The association between 1-SD ODI 

and gait speed in the UF was statistically significant in Model 1 and attenuated after 

adjustment for BMI in Model 2 (per 1-SD in UF-ODI β = -0.02; P=.15; 95% CI [-0.04, 

0.01]). A 1-SD increment in ODI in the CST was associated with faster gait speed (per 1-

SD in CST-ODI β = 0.03; P=.01; 95% CI [0.01, 0.05]) in Model 2.  
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Overall, statistically significant associations from Model 2 remained statistically 

significant after adjustment for education, sex, race, and hypertension (Model 3). These 

additional covariates did not meaningfully change the primary outcome. In model 4, after 

adjustment for cognitive status, 1-SD increment in NDI remained significantly associated 

with faster gait speed when NDI was assessed in the gCC (per 1-SD in gCC-NDI β = 

0.03; P=.01; 95% CI [0.01, 0.06]) and the UF (per 1-SD in UF-NDI β = 0.03; P=.04; 95% 

CI [0.00, 0.05]). 1-SD in ODI also remained significantly associated with faster gait 

speed when ODI was assessed in the SLF (per 1-SD in SLF-ODI β = 0.03; P=.02; 95% 

CI [0.00, 0.05]). 

  

 

 

β coefficient 95% CI β coefficient 95% CI β coefficient 95% CI β coefficient 95% CI

NDI 

gCC*** 0.0478 *** (0.0237, 0.0719) 0.0489*** (0.0247, 0.0730) 0.0455** (0.0208, 0.0702) 0.0329** (0.0078, 0.0580)

CST -0.001 (-0.0238, 0.0209) 0.012 (-0.012,0.0358) 0.006 (-0.0202, 0.0316) 0.0083 (-0.0170, 0.0335)

SLF*** 0.0281 * (0.0040, 0.0521) 0.0305* (0.0065, 0.0546) 0.0264* (0.0019, 0.0501) 0.0156 (-0.0088, 0.0391)

UF** 0.0194 (-0.0033, 0.0411) 0.0363** (0.0119, 0.0606) 0.0341* (0.0081, 0.0591) 0.0261* (0.0011, 0.0510)

ODI 

gCC * -0.0147 (-0.0372, 0.0079) -0.0077 (-0.0301, 0.0156) -0.011 (-0.0345, 0.0125) -0.0066 (-0.0296, 0.0163)

CST 0.0171 (-0.0052, 0.0395) 0.0302* (0.0069, 0.0535) 0.0294* (0.0051, 0.0537) 0.0239 (-0.0000, 0.0479)

SLF** 0.0234 * (0.0007, 0.0460) 0.0335** (0.0101, 0.0569) 0.0322* (0.0087, 0.0557) 0.0279* (0.0041, 0.0516)

UF* -0.0292** (-0.0513, -0.0071) -0.0178 (-0.0424, 0.0068) -0.0232 (-0.0484, 0.0019) -0.0203 (-0.0448, 0.0042)

Model 1 : Linear associations between NODDI parameters and gait speed adjusted for age

Model 2:  Linear associations between NODDI parameters and gait speed adjusted for age and BMI

Model 3:  Linear associations between NODDI parameters and gait speed adjusted for age, BMI, hypertension, education, sex, and race

Model 4: Cognitive status (cognitive impairment and normal cognition) added to Model 3

*     <.05

**   ≤.005

*** ≤.0001

Abbreviations:  NODDI=neurite orientation dispersion and density imaging; ROI= region of interest; CI = Confidnece interval; NDI = neurite density 

index; ODI = orientation dispersion index; Viso = volume fraction of isotropic water; gCC = genu of the corpus callosum; CST = corticospinal tract; 

SLF = superior longitudinal fasciculus; UF = Uncinate fasciculus. 

Model 4

Table IV: Adjusted Associations between NODDI and Gait Speed in White Matter ROI 

Notes: Continous predictor variables were standardized to 1-standard deviation unit increments from their original values; β coefficients denote a 1- 

standard deviation unit increment in predictor variables associated with a m/s unit difference in gait speed. 1-standard deviation in age=7.8 years. 1-

standard deviation in BMI=5.5 kg/m². Education, sex, race, and hypertension were not significantly associated with gait speed. NDI in the CST and 

Viso in all ROIs are not presented due to no observed associations with gait speed in unadjusted and all adjusted models.  

Model 1 Model 2

NODDI by ROI

Model 3
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3.3 Interaction effects between NODDI and Cognitive Status on Gait Speed   

 Results for tests of interaction between NODDI and cognitive status on gait speed 

are presented in Table V. Potential interactions were assessed in white matter tracts 

where statistically significant associations were present after Model 4 adjustments. We 

assessed interactions by including a product term between the NODDI parameter and 

cognitive status (cognitive impairment and normal cognition). Interaction terms included 

NDI in the gCC and UF by cognitive status and ODI in the SLF by cognitive status. We 

did not observe evidence for statistically significant interactions. That is, the associations 

between NODDI (NDI and ODI) and gait speed did not differ by cognitive status.  

 

 

Table V: Main and Interaction Effects of NODDI Parameters and Cognitive Status on Gait Speed 

ROI NODDI and Cognitive Status β coefficient 95% CI β coefficient 95% CI

gCC

NDI  0.0329* (0.0078, 0.0580)

CI -0.0843 ** (-0.1321, -0.0357)

NDI*CI · · -0.0008 (-0.0467, 0.0451)

NDI  0.0261* (0.0011, 0.0510)

CI -0.0906** (-0.1392, -0.0411)

NDI*CI · · 0.0279 (-0.0181, 0.0739)

ODI  0.0279* (0.0041, 0.0516)

CI -0.0838* (-0.1328, -0.0349)

ODI*CI · · 0.0127 (-0.0347, 0.0601)

*** ≤.0001

UF

SLF

·

·

·

Main Interaction 

Main and Interaction Effects

Notes: Main effects display β coefficients for NODDI parameters (NDI and ODI) and cognitive status (cognitive impairment and normal cognition) from a 

general linear model prior to the addition of an interaction term. Main β coefficients denote associations for NODDI and cognitive status with gait speed 

from Model 4 in Table II adjusted for all covariates; Interaction β coefficients denote interaction effects between NODDI parameters (and cognitive status 

on gait in white matter tracts that survived fully adjusted assocations from Model 4. 

Abbreviations: NDI=neurite density index; ODI=orientation dispersion index; gCC=genu of the corpus callosum; SLF=superior longitudinal fasciculus; 

UF=uncinate fasciculus; CST=cortiocospinal tract

*     <.05

**   ≤.005
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3.4 Sensitivity Analysis  

 The positive association between ODI in the SLF and gait speed was unexpected, 

as it contradicts the reported trajectory of abnormal ODI values. Higher ODI values were 

expected to correlate with slower gait speed.  As a result, we performed a sensitivity 

analysis to determine if potential white matter asymmetry from this tract was driving the 

directional magnitude of the association. Specifically, we assessed unilateral associations 

between ODI and gait speed in each hemisphere of the SLF. Unilateral associations 

between 1-SD increment in ODI and gait speed were adjusted for all covariates. We 

observed positive unilateral associations between higher ODI and faster gait speed in 

both the left (per 1-SD in left SLF-ODI β = 0.04; P=.002; 95% CI [0.01, 0.06]) and right 

hemisphere (per 1-SD in right SLF-ODI β = 0.02; P=.04; 95% CI [0.00, 0.05]). In the 

right hemisphere the association was not observed after adjustment for just age, but was 

observed after adjustment for BMI and remained significant after further adjustment for 

the remaining covariates. The remaining covariates did not meaningfully alter the 

primary outcome after adjustment for BMI. Overall, the directional magnitude of the 

associations remained positive. Thus, the results yielded no evidence of asymmetrical 

associations to explain the unexpected findings.      
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DISCUSSION 

4.1 Overview  

This study evaluated the association between microstructual white matter health 

in select white matter tracts (gCC, SLF, UF, and CST) and gait speed utilizing NODDI-

derived metrics adjusted for relevant covariates (age, BMI, hypertension, education, sex, 

and race). We further evaluated whether these associations were modified by cognitive 

status (cognitive impairment and normal cognition). Consistent with prior work 

investigating white matter health and gait speed, we demonstrated poor white matter 

integrity in the gCC and UF is associated with slow gait speed. Further, we provide novel 

evidence that the associations between white matter integrity in these tracts and gait 

speed do not differ between cognitive groups. 

NDI, ODI, and Viso offer unique insight to different characteristics of white matter 

integrity. We assessed the explanatory value of each one on gait speed because there is 

currently no research that characterizes these specific relationships. The NDI in this study 

represents the intra-cellular volume fraction of the white matter ROIs. Thus, lower values 

reflect a volumetric decrease in fiber density. As hypothesized, we observed associations 

between lower NDI and slower gait speed adjusted for all covariates in the gCC and UF. 

Age and BMI were the only covariates significantly associated with gait speed in all 

models. 1-SD of age and BMI was approximately 7.8 years and 5.5 kg/ m². Thus, 7.8 

years of older age and 5.5 more kg/m² in BMI was associated with slower gait. When we 

assessed the association of NDI with gait speed in the gCC, the magnitude of parameter 

estimates for 1-SD increments in NDI, age, and BMI, respectively, with gait speed were 

similar. In the UF, however, after adjustment for age in model 1, the association between 
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NDI and gait speed was not significant. After adjustment for age and BMI (model 2) a 

significant association was observed similar to the magnitude of the unadjusted 

association in the UF. The association was concealed without controlling for BMI, which 

suggests BMI is a potential confounder of the association between NDI and gait speed. 

The unadjusted model in the UF only explained 2% of the variability in gait speed, 

whereas adjustment for age and BMI (model 2) explained 16% of the variability in gait 

speed. Further, the unadjusted model in the gCC explained 10% of the variability in gait 

speed. Unlike in the gCC, the magnitude of the association in the UF between NDI and 

gait speed was equivalent to the association between age and BMI with gait speed of 

approximately 4 years of older age and 3 more kg/ m² of BMI. Together, these results 

suggest the association between NDI and gait speed in the gCC is more robust.  

Overall, the associations observed in the gCC and UF between NDI and gait 

speed remained significant in the presence of all covariates and cognitive status (model 4) 

and were qualitatively similar in magnitude. These findings suggest microstructural 

alterations in the integrity of these white matter tracts are independently associated with 

gait speed. The associations between lower NDI in the gCC and UF and slow gait speed 

provide evidence that a volumetric decrease in fiber density in these tracts is associated 

with gait speed. These findings substantiate our postulation and literature trends that 

connectivity of higher-order multimodal cortical regions is associated with gait decline. 

In the context of age and BMI, our findings suggest that the gCC may be a stronger white 

matter correlate to gait speed than the UF. This finding further bolsters our postulation 

that the PFC mediates gait decline. The PFC is affected early in the stereotypical 

structural degenerative trajectory of normal aging [50, 61]. The gCC traverses the PFC 
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conveying pre-motor information. Further, the UF conveys cognitive information 

between the temporal and frontal lobes that is likely competing with pre-motor 

information and/or contributing to pre-motor commands. Thus, this degenerative 

trajectory may accelerate the reduction of fiber density in these tracts.  

The evidence of reduced fiber density from both the gCC and UF lends support to 

reported associations between low FA and slow gait speed in older adults, which has 

been demonstrated in cognitively normal older adults [8, 71, 75, 76]. This study, 

however, is the first to demonstrate alterations in white matter integrity in the gCC is 

associated with slow gait speed in individuals with cognitive impairment. Further, low 

NDI values are reported to regionally overlap with low FA values [45, 55]. It is expected 

then that these associations between NDI and gait speed are in agreement with reported 

positive associations between FA and gait speed. Taken together, the present findings 

demonstrate the explanatory value of applying NDI to future research that includes 

assessment of mobility. 

In the SLF, we observed a positive association between ODI and gait speed in the 

unadjusted model and after adjustment for all covariates and cognitive status. An 

observed association between low ODI and slow gait speed was unexpected. ODI 

represents the spatial configuration of the white matter ROIs. Higher ODI values are 

indicative of reduced fiber coherence and/or alignment due to either axonal degeneration 

or inflammation [45, 49, 50]. Previous literature has shown high ODI is associated with 

older age [55]. Given this prior association we expected higher ODI to be associated with 

slower gait. Instead, our results showed a significant association where lower ODI values 
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were associated with slower gait speed. That is higher overall tract coherence, reflected in 

lower ODI values, was associated with slower gait speed.  

A sensitivity analysis was performed to determine if this finding was due to 

potential white matter asymmetry. Positive unilateral associations between ODI and gait 

speed were observed in the left and right hemispheres of the SLF. That is, lower ODI was 

significantly associated with slower gait speed after adjustment for all covariates and 

cognitive status. Given the directional magnitude of the associations remained positive it 

is evident higher overall fiber coherence in both hemispheres is associated with slower 

gait speed in the SLF in this sample. Thus, we found no evidence of asymmetry of 

bidirectional associations between hemispheres to explain these unexpected results of 

ODI.  

The observed association in this tract may simply be the product of a flaw in our 

analytic design. We assessed the mean ODI value from the entire tract, which bears the 

risk of potentially suppressing distributed regionally specific high ODI values especially 

if the area covered is small. To our knowledge only one other study assessed NODDI 

metrics using a ROI analysis [77]. In this study, significantly lower ODI was observed in 

YOAD participants compared to healthy controls, which indicates overall tract coherence 

in selected ROIs was evident in individuals with YOAD. This study lends support to the 

present findings, however, it remains unclear from these ROI results whether there were 

potentially region-specific values of high ODI. Alternatively, a study that employed a 

voxel-wise analysis observed age-related associations between high ODI and older age 

[55], which indicates region-specific correlates of reduced fiber coherence. Together, 
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these findings point to potential methodological underpinnings of findings regarding ODI 

trajectories.  

Findings concerning ODI trajectories are mixed. Fu et al., 2019 reported lower 

ODI in the SLF in MCI and AD participants compared to healthy controls [43]. In two 

different studies that assessed NODDI parameters in participants with YOAD one study 

reported significantly higher ODI compared to healthy controls, whereas the other study 

reported no observed differences between ODI [52, 77]. Timmers et al., 2016 reported 

significantly higher ODI in participants with an inherited metabolic disease known as 

galactosemia compared to healthy controls [45]. Further, Billiet et al., 2015 reported age-

related associations between higher ODI and older age [55]. Merluzzi et al., 2016, 

however, did not observe associations between ODI and age [50]. The literature 

presented points to an alternative explanation. ODI may not reflect axonal loss. It may be 

that more pronounced structural changes to white matter other than axonal loss may be 

required for ODI to reflect meaningful explanatory value. Given widespread high ODI is 

reported with aging and galactosemia ODI alterations may be more indicative of other 

factors that induce structural changes, like inflammation or specific pathological markers. 

Overall, our findings indicate white matter integrity in the gCC and UF is 

associated with gait decline. This pattern of white matter health substantiates our 

postulation and literature trends that connectivity of higher-order multimodal cortical 

regions are associated with gait decline. Further, this pattern of white matter health was 

not modulated by being cognitively impaired. We did not observe significant interactions 

between NODDI metrics in any of the white matter tracts and cognitive status on gait 

speed. This indicates associations between NDI in the gCC and UF with gait speed and 
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ODI in the SLF with gait speed do not differ between cognitively normal and impaired 

groups. These findings suggest this pattern of white matter damage is associated with gait 

speed regardless of cognitive status. This is in line with studies that consistently report 

cross-sectional associations between white matter health in these tracts and gait speed in 

samples of cognitively normal older adults and trends over time in longitudinal studies [8, 

34, 67, 71, 81, 82]. The lack of an interaction between white matter measures and 

cognitive status in this study is a clinically meaningful milestone.  

4.2 Strengths of Study  

Research that employs NODDI metrics has been informative to the relationship 

between white matter health and both aging and cognition. This is the first study to apply 

NODDI metrics to mobility research. Thus, it is the first study to describe the 

associations between these metrics and gait speed. Further, this study is the first to 

demonstrate alterations in white matter integrity in the gCC is associated with slow gait 

speed in individuals with cognitive impairment. The value of NODDI in aging research is 

shown with work that describes tissue-specific differences in white matter compared to 

DTI metrics. Thus, extending the use of the NODDI metrics to the investigation of the 

association between white matter integrity and gait speed is a pivotal step in aging 

research.  

Extensive literature describes the relationships between white matter health and 

gait in samples of normal cognition and cognitive impairment [2, 8, 29, 34, 71]. Ours is 

the first study, however, to directly compare the association between white matter health 

and gait speed between cognitive groups. By doing this we demonstrated that while these 

associations are observed in cognitively healthy individuals, these associations are not 
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statistically different between individuals with objective cognitive impairment and 

normal cognitive function. Thus, we provide evidence that the pattern of associations 

between white matter integrity and gait observed among cognitively healthy older adults 

is maintained among adults with cognitive impairment. 

4.3 Limitations of the Study  

There were limitations in our study that merit further discussion. The AD group 

from the combined CI group was small constituting only 37 participants of the whole 

sample. This group may have produced potential heterogeneity in that is consisted of 

participants with AD and mixed AD with vascular pathology. Vascular dementia can 

exhibit different degenerative trajectories depending on the affected areas. After 

combining aMCI and AD groups into the CI group, the CN group still remained larger 

and potentially less heterogeneous. Combining aMCI and AD participants may have 

produced potential heterogeneity in cognitive characteristics. Individuals experiencing 

AD versus aMCI may exhibit differential degenerative patterns in white matter as MCI 

does not invariably transition to AD pathology. AD pathology is marked by a more 

diffuse signature of white matter damage that may have a modifying effect in a larger, 

more balanced sample. The statistical power relies on the smallest group, which, in this 

case, was a group with known variance. 

Our sample was largely representative of a white female population. The sample 

constituted 85% white and 60% female participants. This limits the generalization of 

these findings to non-white and male populations. More representative samples in the 

future are needed determine if the associations are shown in these groups.   
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Finally, we did not control for WMH burden. WMH’s have been shown to 

attenuate the associations between DTI metrics and gait. WMH burden has also been 

shown to attenuate the association between NODDI metrics and cognitive performance. 

Controlling for WMHs is a fundamental step to effectively determine the degree to which 

NODDI metrics are associated with gait and should be included in future research.  

4.4 Future Directions 

A decade of research has shown that abnormal gait speed is a prodromal marker 

for cognitive impairment and is related to microstructural white matter abnormalities [10, 

75, 81, 82]. Research has also consistently demonstrated these associations with a variety 

of study designs addressing different confounding mechanisms that affect them [34, 75, 

76, 82]. While we controlled for important demographic and clinical risk factors, the 

potential influence of other factors may merit scrutiny in this association. 

NODDI has been shown to be sensitive to region-specific alterations compared to 

DTI metric like FA. The majority of studies assessing NODDI-metrics have included 

measures of FA to ascertain which parameters have greater sensitivity to structural 

alterations. These studies employed voxel-wise analyses [43, 45-47, 55]. Given we 

employed a ROI analysis, it remains unclear if regionally specific alterations in 

unhypothesized regions were missed. Further, since we did not account for FA the 

relative sensitivity of these metrics to gait speed is unknown. Given the mixed findings 

regarding effects of FA on gait it may be advantageous for future work to include both 

NODDI and FA to elucidate the relative sensitivity of these metrics to the associations of 

gait.   
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Inflammation may be key player in the dynamics of white matter integrity. Work 

exploring the effects of inflammatory upregulation on NODDI parameters shows direct 

influence of inflammation to ODI alterations [49]. The association between inflammation 

and ODI has not been assessed in humans. To our knowledge, only one study has 

assessed the relationship between inflammation and gait speed. Assessing the roles of 

inflammation and NODDI metrics in mobility could provide insight to a potential non-

invasive marker of inflammation and how this potentially contributes to mobility.  

Together, these points highlight the need to explore the association between 

inflammatory markers and NODDI parameters and their relative contributions to 

mobility.  

Cognitive performance is a common measurement included in studies that 

investigate associations of white matter health and gait speed. Cognitive performance is a 

clinical characteristic that is also associated with both gait speed and white matter 

changes. Prior work assessing the relationship between cognitive performance and gait 

speed collectively indicates performance of executive function and processing speed 

confer the strongest association with gait speed, whereas mixed findings are reported 

concerning memory performance [9-11, 13, 19, 70, 84-86]. Comparing the associations 

between NODDI-derived white matter and gait speed between levels of cognitive 

performance could offer insight to the differential effects functional characteristics of 

cognition have on the association between white matter integrity and gait. This highlights 

the need to include cognitive measures in future research addressing our findings.  

4.5 Conclusions 
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In summary, NODDI is an emerging imaging modality that mounting evidence 

indicates is highly sensitive to detect structural changes in white matter. This study 

presents the first findings showing associations between NODDI metrics and gait speed. 

The evidence shows lower neurite density in the gCC and UF is associated with slower 

gait speed, which is line with known associations between white matter health and gait. 

Observed associations between low ODI and slower gait speed remain unclear. Future 

work should consider a voxel-wise approach to better understand our conflicting ODI 

findings.  
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 Managed data, lab inventory, standard operating procedures, and safety data sheets   

 Coordinated scheduling, supervised lab, and trained students 

 Managed multiple transgenic mouse breeding colonies and genotyping for tissue-

specific knockouts 

 Presented research at Society for Neuroscience Conference  

 

Undergraduate research assistant                      August, 2016-2017 

Psychoneuroimmunology lab 

Mentor: Rachel A. Kohman, Ph.D. 

 Conducted undergraduate honors project that evaluated Toll-like receptor-4 deficient and 

wild-type control mice in a two-way active avoidance testing paradigm 

to determine potential differences in associative learning. 

 Assisted with multiple projects investigating neural-immune interactions, specifically 

the influence of aging, exercise, diet, the role of Toll-like receptor-4 on cognitive 

function, neural inflammation, and measures of neural plasticity. 

Skill/Accomplishment/Project 

 

PUBLICATIONS 

 

Potter Opal V., Geidraitis Megan E., Johnson Charles D., Cox Mackenzie N., and 

Kohman Rachel A. Young and aged TLR4 deficient mice show sex dependent enhancements in 

spatial memory and alterations in interleukin-1 related genes. 

Brain, Behavior, and Immunity. 
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PRESENTATIONS  

 

Oral Defense,  

Honors Thesis Oral Defense: Assessment of associative learning in Toll-like receptor-4 deficient 

mice, University of North Carolina Wilmington, Department of Psychology, Wilmington, NC 

2017 

  

Poster Presentation,  

Opal V. Potter, Megan E. Giedraitis, and Rachel A. Kohman. Assessment of 

associative learning in Toll-like receptor-4 deficient mice. Poster presented at Society 

for Neuroscience, Washington, DC. November, 2017 

 

Poster Presentation,  

Opal V. Potter, Christina E. Hugenschmidt, Michael P. Bancks, Samuel N. Lockhart.  

Comparing Mobility Performance and Microstructural White Matter Health in Older Adults with 

Normal Cognition, Amnestic MCI and Alzheimer’s Disease. Presented at Research Day for 

Wake Forest School of Medicine, Winston Salem, NC, December, 2019 

 

Oral Defense,  

Opal V. Potter, Christina E. Hugenschmidt, Michael P. Bancks, Samuel N. Lockhart.  

Comparing Mobility Performance and Microstructural White Matter Health in Older Adults with 

Normal Cognition, Amnestic MCI and Alzheimer’s Disease, Wake Forest School of Medicine, 

Department of Biomedical Sciences, Winston Salem, NC 2020 
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Christina E. Hugenschimdt, Ph.D 

Assistant Professor, Gerontology and Geriatric Medicine 

Wake Forest School of Medicine 

 (336) 713-4190 

 chugensc@wakehealth.edu 

 

Rachel Kohman, Ph.D 

Assistant Professor, Psychology UNCW, Wilmington NC 

(910) 284-2262 

 kohmanr@uncw.edu 
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