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Background: This study sought to validate the clinical utility of multimodal magnetic resonance imaging 
(MRI) techniques in the assessment of neurodegenerative disorders. We intended to demonstrate that 
advanced neuroimaging techniques commonly used in research can effectively be employed in clinical 
practice to accurately differentiate heathy aging and dementia subtypes. 
Methods: Twenty patients with dementia of the Alzheimer’s type (DAT) and 18 patients with Parkinson’s 
disease dementia (PDD) were identified using gold-standard techniques. Twenty-three healthy, age and sex 
matched control participants were also recruited. All participants underwent multimodal MRI including T1 
structural, diffusion tensor imaging (DTI), arterial spin labeling (ASL), and magnetic resonance spectroscopy 
(MRS). MRI modalities were evaluated by trained neuroimaging readers and were separately assessed using 
cross-validated, iterative discriminant function analyses with subsequent feature reduction techniques. In this 
way, each modality was evaluated for its ability to differentiate patients with dementia from healthy controls 
as well as to differentiate dementia subtypes.
Results: Following individual and group feature reduction, each of the multimodal MRI metrics except 
MRS successfully differentiated healthy aging from dementia and also demonstrated distinct dementia 
subtypes. Using the following ten metrics, excellent separation (95.5% accuracy, 92.3% sensitivity; 100.0% 
specificity) was achieved between healthy aging and neurodegenerative conditions: volume of the left frontal 
pole, left occipital pole, right posterior superior temporal gyrus, left posterior cingulate gyrus, right planum 
temporale; perfusion of the left hippocampus and left occipital lobe; fractional anisotropy (FA) of the forceps 
major and bilateral anterior thalamic radiation. Using volume of the left frontal pole, right posterior superior 
temporal gyrus, left posterior cingulate gyrus, perfusion of the left hippocampus and left occipital lobe; FA 
of the forceps major and bilateral anterior thalamic radiation, neurodegenerative subtypes were accurately 
differentiated as well (87.8% accuracy, 95.2% sensitivity; 85.0% specificity).
Conclusions: Regional volumetrics, DTI metrics, and ASL successfully differentiated dementia patients 
from controls with sufficient sensitivity to differentiate dementia subtypes. Similarly, feature reduction results 
suggest that advanced analyses can meaningfully identify brain regions with the most positive predictive value 
and discriminant validity. Together, these advanced neuroimaging techniques can contribute significantly to 
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Introduction

Alzheimer’s disease and Parkinson’s disease both yield 
significant rates of neurocognitive disorders, including in 
adults younger than 65 years of age (1). Differentiating 
the neurocognitive disorders that arise from these diseases 
is imprecise and confounded by overlapping pathological 
biomarkers (2,3).  Developing accurate diagnostic 
procedures, particularly in early stages of the diseases, 
is critically important for the early implementation of 
assistive treatments as well as for the development of novel 
treatments (4). Therefore, non-invasive neuroimaging 
methods such as magnetic resonance imaging (MRI) may 
be beneficial if objective diagnostic information could be 
attained from differential brain metrics. Statistical inference 
aided diagnoses using MRI data may use subtle group 
differences and novel data combinations to render more 
accurate diagnoses than that which might otherwise be 
attained using clinical appraisal alone (5).

Advanced MRI techniques are commonly used in 
research and are gradually entering into clinical practice. 
Current examples include functional MRI (fMRI), which 
is used in presurgical language mapping with ever-
increasing prevalence over the past 15 years (1,2). More 
recently, programs for quantitative statistical analysis of 
structural volumetric data have been FDA-approved and 
used in clinical practice (e.g., Icometrix, NeuroQuant, 
NeuroReader). In addition to these, numerous other MR 
modalities and analysis methods (e.g., statistical comparison) 
which are commonly used in research could contribute 
more frequently to clinical patient evaluation.

Previous publications have postulated that well-
established neuroanatomical underpinnings of psychiatric 
and neurologic disorders, such as abnormal neural circuitry, 
warrant the clinical use of advanced, multimodal MRI (3,4). 
However, clinical adoption of these and other advanced MR 
techniques has been slow and limited to niche applications. 
A recent survey found that while 90% of responding 
clinicians had access to fMRI acquisition tools (a majority 
of these had previous experience using fMRI in a research 

setting), only 40% intended to use fMRI clinically in 
the next year; most of the clinical utility was noted for 
presurgical planning (6). Reported barriers to the clinical 
use of fMRI included reimbursement rates, limited training 
opportunities, methodological concerns about the intensity 
of data processing and the consistent reliability of results (6). 
Traditional clinical MRI involves structural and diffusion-
weighted imaging; less commonly, clinical MRI may also 
include sequences for brain perfusion and metabolite 
analysis, but even these are generally acquired without 
standardized statistical analyses. 

One of the primary referral requests to adult and geriatric 
neurology and neuropsychology clinics is to differentiate 
healthy aging from neurodegenerative disorders. Two of the 
more common neurodegenerative subtypes are Alzheimer’s 
disease, characterized primarily by degeneration in medial 
temporal lobe regions in those with amnestic presentations, 
and Parkinson’s disease dementia (PDD), characterized 
primarily by degeneration in basal ganglia and frontal 
lobe circuits (7). In order to be a helpful diagnostic tool in 
this setting, multimodal MRI and statistics must be able 
to reliably differentiate “worried-well” adults who are 
experiencing healthy aging from patients undergoing a 
true neurodegenerative process. Furthermore, these tools 
will ideally be able to differentiate between various types 
of neurodegenerative processes, preferably earlier in the 
disease process.

To w a r d  t h i s  e n d ,  s e v e r a l  i m p o r t a n t  s t u d i e s 
have investigated such tools for differentiation of 
neurodegenerative disease (NDD) within large, publicly 
available datasets (6-11). In smaller participant pools, 
support vector regressions have been trained to differentiate 
neurodegenerative conditions from healthy aging using 
standard clinical structural MRI (12-14); however, this 
work must be expanded to evaluate for the clinical utility 
of other nontraditional MRI modalities which currently 
exist solely in the research space. Our group sought 
to validate the capabilities of each MRI modality to 
successfully differentiate patients with NDD, classified 

diagnosis and treatment planning for individual patients.
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based on the clinical gold-standard methods, from healthy 
individuals. This was conducted using discriminant function 
analysis-based classification of the data derived from each 
MR modality. Algorithmic classification attempted to 
determine which gold-standard diagnostic classification 
each participant fit into based on data from each MRI 
modality. Additionally, given that clinical neuroimaging 
is largely rater-review-based, this statistical classification 
was compared to classification of each image by trained 
raters, again comparing their rating to the gold-standard 
diagnostic classification. This was performed by two 
trained readers who reviewed and assigned a diagnostic 
classification to each image (similar to the way traditional 
neuroradiological reading is conducted). While additional 
neuroimaging techniques warrant similar investigations, 
positron emission tomography (PET) and single photon 
emission computed tomography (SPECT) techniques 
were not included in this study due to the invasive and 
radiologic nature of these modalities, their limited clinical 
availability, and the relative financial burden of these 
measures. By attempting to validate the clinical utility of 
each MR modality in a neurologic patient group, we hope 
to provide some preliminary insight into the potential use 
of both multimodal MR and advanced statistical analysis for 
improving diagnostic and prognostic utility.

Methods

Participants

All procedures were carried out in accordance with the 
Declaration of Helsinki (as revised in 2013) and were 
reviewed and approved by the Western Institutional Review 
Board prior to participant enrollment (Pro #20152535). 
All participants provided written informed consent. 
Due to in-scanner motion and artifact in the MR data, 
three patients with Alzheimer’s disease [dementia of the 
Alzheimer’s type (DAT)] and four patients with PDD 
were excluded from the analyses. Thereafter, twenty DAT 
patients (Mage =78.33±5.98 years, 46% female) were 
identified using gold-standard lumbar puncture amyloid-
beta and tau markers (15). Eighteen PDD patients 
(Mage =76.43±9.33 years, 52% female) were identified 
using comprehensive neurologic and neuropsychological 
evaluations, including assessment of motor symptoms, 
neurocognitive profile and genetic evaluation. All diagnoses 
of neurocognitive disorders were rendered by consensus of 
an expert panel consisting of board-certified neurologists, 

neuropsychologists, radiologists, and psychiatrists. To 
avoid circularity in the study design, advanced MRI was 
not used for the purposes of initial screening or diagnosis. 
All participants were administered the Montreal Cognitive 
Assessment (MoCA) and the Repeatable Battery Assessment 
of Neuropsychological Status (RBANS). Twenty-three 
older adults (Mage =80.1±8.8 years, 48% female) who were 
considered normal-aging (i.e., without a history remarkable 
for neurologic, cognitive, or psychiatric disorder, including 
seizure, head injury with associated loss of consciousness, 
chemotherapy or radiation treatment, neoplasm, alcohol or 
substance use disorder, and subjective concern) were also 
recruited for this study. These normal-aging adults were 
determined to have MoCA scores ≥28, RBANS domain-
specific and global scores in the “average” range or higher. 
These normal-aging adults were age and sex matched to the 
two NDD groups. Analysis of variance (ANOVA), corrected 
for multiple comparison using Bonferroni method, assessed 
for differences in demographic and neurocognitive factors 
between the three diagnostic groups. Chi-square analysis 
was used for categorical data comparison [e.g., clinical 
dementia rating (CDR) level].

MRI acquisition 

MR data was collected using a 1.5T Siemens Espree scanner 
(Siemens, Germany) at a Los Angeles Clinical MRI Center. 

T1-data was collected as a sagittal magnetization-
prepared rapid gradient-echo (MPRAGE) sequence with 
repetition time (TR) =1,600 ms, echo time (TE) =3 ms,  
voxel size =1.0 mm × 1.0 mm × 1.0 mm, acquisition 
dimensions =192×256×256, scan time 270 s. Pulsed arterial 
spin labelling (ASL) was collected as an echo planar sequence 
with TR =3,400 ms, TE =16 ms, voxel size =4.0 mm  
× 4.0 mm × 6.0 mm, acquisition dimensions =64×64×26, 
with 121 measurements, bolus time =700 ms, inversion 
time =1,800 ms, scan time =411 s. Resting BOLD data was 
collected as an echo planar sequence with TR =2,500 ms,  
TE =50 ms, voxel size =4.0 mm × 4.0 mm × 4.0 mm, 
acquisition dimensions =64×64×36, 200 measurements,  
scan time =500 s. Twenty diffusion-weighted volumes  
(b =1,000 s/mm2) and two non-diffusion-weighted volumes 
were obtained using a single shot spin-echo echo planar 
imaging (EPI) sequence with flip angle =90, TR =11,700 ms,  
TE =127 ms, voxel size =2.0 mm ×2.0 mm × 2.0 mm, 
acquisition dimensions =150×150×64, b-shells =0, 1,000, 
scan time 737 s.  
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MRI analysis

All MRI datasets were quality controlled and visually 
inspected prior to being preprocessed and analyzed. All 
imaging data were processed using FMRIB Software 
Library [FSL, www.fmrib.ox.ac.uk.fsl; (16)]. 

Structural image processing
T1 images were corrected for field biasing. Then, using 
FMRIB’s Automated Segmentation Tool (FAST), T1 images 
were then skull-stripped and linearly registered to standard 
MNI space (17,18). Each patient’s T1 image was segmented 
into 100 cortical and 15 subcortical areas using the 
Harvard-Oxford Cortical and Subcortical structural atlas in 
conjunction with fslmaths (19). Mean volume was computed 
for each of these regions for each patient with fslstats (19).

ASL processing
ASL data was processed and analyzed using FSLs Bayesian 
Inference for ASL MRI [BASIL; (19)]. Briefly, all images 
were co-registered to the first volume; perfusion difference 
was then calculated (subtracting tagged/control pairs) 
and averaged to create a mean perfusion-weighted image. 
Quantification to cerebral blood flow (CBF) values (milliliters 
of blood per 100 g of tissue per minute) was implemented 
using an estimate of the equilibrium magnetization of 
arterial blood and the mean perfusion values (19). Given the 
variability of ASL across subjects, CBF data was examined as 
a ratio to mean grey matter signal.

Diffusion imaging processing
Diffusion weighted imaging (DWI) data was motion and 
eddy current corrected, skull stripped using BET, and then 
diffusion tensors were fit to the data using dtifit in FSL. 
Tract-Based Spatial Statistics (TBSS) was used to generate 
a white matter (WM) skeleton comprised of WM voxels 
shared by all participants (20). This WM skeleton was 
applied to each participant’s individual diffusion tensor 
imaging (DTI) maps and mean fractional anisotropy (FA), 
axial (AD), radial (RD) and mean (MD) diffusivity were 
extracted from various regions of interest (ROIs) based 
on the intersection between the TBSS skeleton and labels 
defined in probabilistic anatomical atlas in addition to a 
global average across the skeleton (20). This atlas included 
twenty ROIs from which DTI metrics were extracted: 
anterior thalamic radiation, corticospinal tract, cingulate 
bundle, WM underlying the hippocampus, inferior 
longitudinal fasciculus, inferior fronto-occipital fasciculus, 

superior longitudinal fasciculus, arcuate fasciculus, forceps 
major, forceps minor and the uncinate fasciculus. DTI 
metrics were also calculated from the entire WM skeleton.

Magnetic resonance spectroscopy (MRS) processing
MRS data was processed using Osirix (https://www.osirix-
viewer.com/osirix/osirix-md/) and Tarquin (http://tarquin.
sourceforge.net/) in order to calculate neurotransmitter 
specific peak heights from which neurotransmitter 
comparison ratios [e.g., N-acetylaspartate to glutamine 
(NAA/Gl)] were computed. MRS values were creatine 
adjusted to improve the likelihood that data was derived 
from tissue and not cerebrospinal fluid (CSF). For seeds 
acquired in the frontal lobe and the precuneus, NAA/Gl 
ratio, glutamate-glutamine (Glx) ratio and choline/creatine 
(Cho/Cr) ratio were calculated. 

Trained rater review

Given that current clinical neuroimaging typically involves 
subjective review of images by a trained rater, this study 
included two trained raters who attempted to classify study 
participants into the correct diagnostic category (e.g., DAT, 
typically aging) using each of the multimodal imaging 
modalities (21,22). 

Two trained raters (SE Jordan, 40-year experience 
as a board-certified clinical neurologist;  T Kuhn,  
10-year experience as a neuroimaging researcher and 
neuropsychologist) reviewed 6 unblinded participants  
(3 patients, 3 healthy controls) in order to determine 
uniform classification criteria to use when reviewing blinded 
scans to determine whether each scan was that of a control 
participant or a patient with a neurodegenerative disorder, as 
previously determined by the gold standard. For structural 
T1 images, this included visual assessment of structural 
images for gross and regional atrophy including evaluation 
of specific subregions including the hippocampus, basal 
ganglia and gyral anatomy. For ASL, this involved visual 
assessment of global and regional perfusion (e.g., basal 
ganglia, frontal, temporal and parietal lobe) with additional 
evaluation of potential hemispheric asymmetry in perfusion 
for DTI, this included visual assessment of DWI images 
as well as statistical review of FA, MD, AD and RD values 
which were calculated for twenty regions, based on the 
Johns Hopkins DTI Atlas. For these metrics, participants 
were compared to see if any fell above the mean ± three 
standard deviations. 

For MRS, the spectroscopy curve was reviewed and ratios 
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were calculated, particularly for N-acetylaspartate to creatine 
(NAA/Cr) and glutamate/glutamine-to-NAA peak as 
collected from the hippocampus, precuneus and right frontal 
lobe. Values were compared to see if any fell above the mean 
± three standard deviations. Values were also compared to 
standard clinical protocols (e.g., 3/1 NAA/Cr ratio).

Each rater classified each image in a discrete fashion 
(i.e., 0/1) as that of a healthy control or patient with 
neurodegenerative disorder. This was done in a blinded 
fashion such that neither rater was aware of the other rater’s 
classification of the scans. Thereafter, using each rater’s 
classifications, a third investigator computed sensitivity, 
specificity, positive and negative predictive value (NPV) and 
agreement between raters. 

Statistical analysis

Discriminant function analyses are a form of statistical 
analysis which can be used to determine which, if any, 
variables can be used to discriminate data between two or 
more groups (22-25). Discriminant function classification 
analyses determine the probability that an individual 
fits a certain predetermined group (i.e., normal aging or 
neurodegenerative condition) by determining the relative 
distance between each individual’s data and the centroid of 
the group (i.e., Mahalanobis distance). By conducting these 
analyses in an iterative fashion, the results can be improved. 
Therefore, iterative discriminant function analyses were 
conducted to determine the utility of regional volumetrics, 
regional FA/MD/AD/RD, regional perfusion, and regional 
MRS ratios to differentiate (I) healthy participants from 
neurological patients; (II) healthy participants, Alzheimer’s 
and Parkinson’s groups. Discriminant ability as well as 
specificity, sensitivity, Youden’s index, positive and NPV 
were computed for each modality. Youden’s index is a single 
metric representing performance of a diagnostic test. It is 
calculated as: 

     1
               

True positive TruenegativesJ
true positives falsenegatives truenegatives false positves

   
= + −   + +   

   [1]

Youden’s index the height above the change line at the 
inflection point of a receiver operating curve and defines the 
probability of an informed decision based on a classifying 
cut-off point, taking into account a range of predictions. 
Therefore, it is well suited for classification analyses with 
empirically-derived cut-off points for group differentiation.

Additionally, a stepwise linear regression can be 
incorporated into the analysis to remove any variables 

entered into the model which do not meaningfully 
contribute to the model’s ability to discriminate data into 
groups. In this way, the stepwise regression serves a feature 
reducing function (22). Thus, for both two- and three-
group analyses within each modality, we re-ran separate 
discriminant function analyses incorporating a secondary 
hierarchical regression feature reduction technique to 
determine the fewest number of regional metrics necessary 
to successfully delineate group membership (25). This 
regression is incorporated directly into the classification 
analysis and as such the same cross-validation applies to 
both discriminant function analyses, with and without the 
feature-reducing regression.

All discriminant function analyses were evaluated for 
collinearity and over-fitting. A leave-one-out cross validation 
step was included in each analysis to account for overfitting. 
This method involved cross-validation using a number of 
folds equivalent to the data set sample size wherein the 
discriminant function was applied to each participant data as 
a single-item test set predicting each participant’s diagnostic 
classification based on a model trained using the remaining 
data as the training set. Variables included as predictors 
in the final models of both the full and feature-reduced 
classification analyses were required to pass tolerance and 
variance inflation factor (VIF) thresholds. 

Sensitivity, specificity, Youden’s index, positive and 
negative predictive power and interrater agreement 
were computed based on the results of the trained rater 
identification of the patients.

For classification analyses, iterative discriminant function 
analyses were conducted to determine the utility of regional 
volumetrics, regional FA/MD/AD/RD, regional perfusion, 
and MRS ratios to differentiate (I) healthy participants from 
neurological patients; (II) healthy participants, Alzheimer’s 
and Parkinson’s groups. For the three-group analysis, a one-
to-one strategy was implemented. Discriminant ability as 
well as specificity, sensitivity, Youden’s index, positive and 
NPV were computed for each modality. These same analyses 
were also conducted using whole brain metrics from each 
imaging modality, allowing for comparison of the utility of 
whole brain versus regional metrics for diagnostic accuracy.

Results

Participants

The participants with neurodegenerative conditions did not 
differ on general cognitive ability (RBANS Total, P>0.05; 
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DAT RBANS: 83.67±16.82; PDD RBANS: 90.8±21.04). 
Neurodegenerative diagnostic groups also did not differ on 
dementia severity as determined by the CDR scale (P>0.05). 
The PDD group was comprised of 44% mild cognitive 
impairment (CDR =0.5), 44% mild dementia (CDR =1) and 
11% moderate (CDR =2). Similarly, the DAT group was 
comprised of 46% mild cognitive impairment (CDR =0.5), 
39% mild dementia (CDR =1), and 16% moderate-to-
severe dementia (8% CDR =2, 8% CDR =3).

Inter-rater classification

All 68 participants (DAT =23, PDD =22, controls =23) 
completed the protocol, although seven scans were excluded 
due to artifact or excessive motion. Trained raters classified 
each image as that of a healthy control or patient with 
neurodegenerative disorder (combined rater results, Table 1; 
Figure 1). ASL and MRS demonstrated excellent sensitivity, 
specificity, positive predictive value (PPV) and NPV 
compared to gold-standard diagnosis. Please see Table 1 for 
a review of the inter-rater classification metrics for each 
modality. T1-based structural images displayed the highest 
interrater reliability (i.e., agreement). Please see Table S1 
for review of quantitative DTI and MRS values used for 
analyses.

Classification analysis

Iterative discriminant function analyses were conducted to 
attempt to accurately differentiate participants into disease 
categories (A: healthy vs. neurodegenerative disorder; B: 
healthy vs. DAT vs. PDD). Cross-validation was successfully 
conducted for all models. Overall model accuracy, 
sensitivity, specificity, Youden’s index, positive and negative 
predictive power were computed based on the results of 

the discriminant function classification of the patients in 
four schemes: healthy vs. neurodegenerative disorder using 
all available data (Table 2), healthy vs. DAT vs. PDD using 
all available data (Table 3), healthy vs. neurodegenerative 
disorder using data reduction (Table 4), and healthy vs. DAT 
vs. PDD using data reduction (Table 5).

Discriminant function classification using feature 
reduction successfully differentiated diagnostic groups with 
excellent accuracy using T1, DTI, and ASL independently, 
as well as when all modalities were combined into a 
single model. Using the full model with all available 
data, neither diagnostic classification model was able to 
accurately differentiate healthy from neurodegenerative 
disorder patients using MRS values or MRS ratios, though 
specificity was substantially higher than sensitivity. Feature 
reduction did not successfully improve either MRS model. 
Additionally, when all metrics were available to the model, 
model accuracy and predictive power were substantially 
worse than when feature selection was used, despite using 
tolerance thresholds to correct for collinearity. Feature 
reduction resulted in the following regions driving 
separation of neurodegenerative conditions from controls: 
volume of the left frontal pole, right posterior superior 
temporal gyrus, left posterior cingulate gyrus, perfusion 
of the left hippocampus and left occipital lobe; FA of the 
forceps major and bilateral anterior thalamic radiation.

Discriminant function classification successfully 
differentiated neurodegenerative disorder from control 
groups following feature reduction. Using the following 
ten metrics, excellent separation (95.5% accuracy, 92.3% 
sensitivity; 100.0% specificity) was achieved: volume of the 
left frontal pole, left occipital pole, right posterior superior 
temporal gyrus, left posterior cingulate gyrus, right planum 
temporale; perfusion of the left hippocampus and left 
occipital lobe; FA of the forceps major and bilateral anterior 

Table 1 Inter-rater classification of dementia subtypes

Modalities Sensitivity (%) Specificity (%) PPV (%) NPV (%) Agreement (%) Youden index (J)

ASL 70 70 70 70 65 40

MRS 68 60 79 43 85 28

T1 60 65 63 62 95 25

DTI 57 70 63 64 90 27

Based on comparison of trained rater review to gold-standard diagnosis differentiating participants with Alzheimer’s disease, Parkinson’s 
disease dementia and healthy controls, classification sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV) 
and inter-rater agreement (Agreement) for each of the MRI modalities: arterial spin labelling (ASL), magnetic resonance spectroscopy (MRS), 
structural T1, and diffusion tensor imaging (DTI). The above metrics represent the average of the ratings from both trained-raters.

https://cdn.amegroups.cn/static/public/QIMS-20-1355-supplementary.pdf
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Figure 1 Regions driving visual differentiation of neurodegenerative conditions. Comparison of the T1-weighted structural MR images 
visually inspected by trained raters attempting to differentiate patients with neurodegenerative disorders from healthy aging. Hippocampal 
atrophy, basal ganglia atrophy/deformation and disproportionate general atrophy were used to guide group classification. Red circles denote 
areas of comparison between groups by trained raters.

Normal

Parkinson’s

Alzheimer’s
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Table 2 Discriminant function determining disease classification accuracy of multimodal MRI analyses differentiating dementia & control

Modalities Model accuracy (%) Features (#) Sensitivity (%) Specificity (%) PPV (%) NPV (%) Youden’s index (J)

All modalities 56.1 49 60.9 50.0 60.9 50.0 10.9

ASL 61.3 18 76.5 42.9 61.9 60.0 19.3

MRS 64.3 10 46.2 72.4 42.9 75.0 18.6

T1 59.6 – 63.6 56.0 56.0 63.6 19.6

DTI 53.4 – 58.3 47.6 56.0 50.0 6.0

Based on comparison between statistical classification and gold-standard diagnosis, sensitivity, specificity, positive predictive value (PPV), 
negative predictive value (NPV) and total model accuracy (Model accuracy) from each discriminant function analysis assessing the ability 
of each of the MRI modalities to differentiate the entire neurodegenerative sample from the healthy control group. MRI modalities included: 
arterial spin labelling (ASL), magnetic resonance spectroscopy (MRS), structural T1, and diffusion tensor imaging (DTI). 

Table 3 Discriminant function determining disease classification accuracy of multimodal MRI analyses differentiating dementia subtypes & control

Modalities Model accuracy (%) Features (#) Sensitivity (%) Specificity (%) PPV (%) NPV (%) Youden’s index (J)

All modalities 48.8 49 73.3 53.9 47.8 77.8 27.2

ASL 45.2 18 – – – – –

MRS 19.0 10 33.3 68.8 28.6 73.3 2.1

T1 42.6 – 53.0 46.7 36.0 63.6 −0.4

DTI 40.0 37 59.0 47.8 52.0 55.0 6.9

Sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV) and total model accuracy (Model accuracy) from 
each discriminant function analysis assessing the ability of each of the MRI modalities to differentiate patients with Alzheimer’s disease 
from Parkinson’s disease from the healthy control group. MRI modalities included: arterial spin labelling (ASL), magnetic resonance  
spectroscopy (MRS), structural T1, and diffusion tensor imaging (DTI). 

Table 4 Discriminant function determining disease classification accuracy of multimodal MRI analyses differentiating dementia & control involv-
ing dimension reduced

Modalities Model accuracy (%) Features (#) Sensitivity (%) Specificity (%) PPV (%) NPV (%) Youden’s index (J)

All modalities 95.5 10 92.3 100.0 100.0 90.0 92.3

ASL 80.6 3 94.1 64.3 76.2 90.0 58.4

MRS 66.7 9 50.0 77.0 57.1 71.5 27.0

T1 84.8 4 84.0 85.7 87.5 81.8 69.7

DTI 86.7 4 91.3 81.8 84.0 90.0 73.1

Sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV) and total model accuracy (Model accuracy) from 
each discriminant function analysis assessing the ability of each of the MRI modalities to differentiate the entire neurodegenerative sample 
from the healthy control group. An embedded hierarchical stepwise regression reduced the model to the fewest possible metrics (Features) 
necessary to differentiate the groups. MRI modalities included: arterial spin labelling (ASL), magnetic resonance spectroscopy (MRS), 
structural T1, and diffusion tensor imaging (DTI).
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thalamic radiation. No MRS metrics were included in the 
final model. Interestingly, the multimodality model without 
feature reduction yielded relatively poor classification 
accuracy.

Structural image classification
Using structural T1 data following dimension reduction, 
neurologic and control participants could be differentiated 
with 84.8% accuracy using four regional volumes: right 
posterior supramarginal gyrus, right fusiform gyrus, left 
middle frontal gyrus and right occipital pole. Also using 
T1, DAT, PDD and control participants were grouped with 
78.3% accuracy using 7 regional volumes: right posterior 
supramarginal gyrus, right pallidum, right occipital pole, 
right anterior cingulate gyrus, right posterior inferior 
temporal gyrus, left superior lateral occipital gyrus and left 
postcentral gyrus.

Diffusion image classification
Using DTI data following feature reduction regressions, 
neurologic and control participants could be differentiated 
with 86.7% accuracy using four regional DTI metrics: FA 
of the forceps major, MD of the right superior longitudinal 
fasciculus, RD of the right inferior longitudinal fasciculus 
and uncinate fasciculus. Further, DAT, PDD and control 
participants were grouped with 73.3% accuracy using four 
regional DTI metrics: FA of the forceps major and right 
uncinate fasciculus, AD of the left cingulate bundle and 
RD of the WM underlying the left hippocampus. When 
including all 75 DTI variables in the model, 38 failed the 
tolerance threshold test, resulting in a final model including 
37 metrics which yielded poor accuracy, sensitivity and 

specificity. 

ASL classification
Using ASL data following dimension reduction, healthy 
controls and patients with neurodegenerative disorder could 
be classified with 80.6% accuracy using right temporal and 
right parietal lobe perfusion. Dementia subtypes could 
be differentiated from healthy participants with 57.1% 
accuracy using right temporal perfusion data. 

MRS classification
Using MRS data following dimension reduction, healthy 
controls and patients with neurodegenerative disorder were 
classified with 66.7% accuracy. MRS was substantially more 
specific (77.0%) than sensitive (50.0%). Dementia subtypes 
were differentiated from controls with poor accuracy (19.0%), 
sensitivity (33.3%) and moderate specificity (68.8%). 

Whole brain metric classification
FA from WM across the entire cerebrum was 71.1% 
successful in differentiating the neurodegenerative group 
from the healthy aging group and 73.3% successful in 
differentiating different neurodegenerative subtypes from 
each other and healthy aging. MD, AD and RD were 
excluded from the model due to multicollinearity. Whole 
brain (left and right hemisphere) volume data was between 
58.1–72.1% successful at differentiating neurodegenerative 
and healthy aging groups, with the higher classification 
accuracy achieved with the inclusion of brainstem volume. 
Whole brain ASL was 47.6% accurate in differentiating 
the neurodegenerative group from the healthy aging 
group and 45.2% successful in differentiating different 

Table 5 Discriminant function determining disease classification accuracy of multimodal MRI analyses differentiating dementia subtypes & control 
involving dimension reduced

Modalities Model accuracy (%) Features (#) Sensitivity (%) Specificity (%) PPV (%) NPV (%) Youden’s index (J)

All modalities 87.8 8 95.2 85.0 87.0 94.4 80.2

ASL 57.1 1 68.4 65.2 61.9 71.4 33.6

MRS 23.8 1 50.0 77.0 57.1 71.4 26.9

T1 78.3 7 85.7 76.0 75.0 86.4 61.7

DTI 73.3 4 80.0 75.0 80.0 75.0 55.0

Sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV) and total model accuracy (Model accuracy) from 
each discriminant function analysis assessing the ability of each of the MRI modalities to differentiate participants with Alzheimer’s disease 
from those with Parkinson’s disease from the healthy control group. An embedded hierarchical stepwise regression reduced the model to 
the fewest possible metrics (Features) necessary to differentiate the groups. MRI modalities included: arterial spin labelling (ASL), magnetic  
resonance spectroscopy (MRS), structural T1, and diffusion tensor imaging (DTI). 
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neurodegenerative subtypes from each other and healthy 
aging. Whole brain metrics from MRS could not be 
calculated due to the inherent single voxel nature of that 
data collection modality.

Differentiating DAT from PDD

We further investigated the utility of multimodal MRI to 
differentiate specific neurodegenerative conditions from each 
other. Given the improved accuracy including the feature 
reduction step in the model, we report only models using 
this tool here (Table 6). When using all available multimodal 
MRI data with feature reduction, DAT and PDD were 
successfully differentiated (95.0% accuracy) using the 
volume of the left angular gyrus, left precentral gyrus, right 
middle temporo-occipital gyrus, right planum temporale, 
right posterior supramarginal gyrus, and precuneus, as well 
as perfusion of the bilateral hippocampus and right frontal 
pole. Structural volumetry of the following regions was very 
successful at differentiating neurodegenerative subgroups 
(91.7% accuracy): left angular gyrus, pars orbitalis, pars 
triangularis, inferior temporal gyrus and occipital pole, 
as well as right precentral gyrus, middle temporal gyrus, 
anterior and posterior parahippocampal gyrus, fusiform 
gyrus and cuneus. FA of the left arcuate fasciculus and 
right uncinate fasciculus differentiated DAT from PDD 
with 75.0% accuracy. ASL and MRS poorly differentiated 
neurodegenerative groups (Figure 2).

Discussion

This study sought to validate the clinical utility of 

multimodal MRI techniques in the assessment of 
neurodegenerative disorders. Discriminant function analyses 
were implemented to classify patients into diagnostic 
categories using each individual MRI modality. Using 
structural T1, DTI, and ASL images (each independently 
and with feature reduction) the algorithm was able to 
successfully differentiate healthy from neurodegenerative 
groups. Following a secondary feature reduction step, the 
algorithm remained able to successfully classify patients as 
either healthy or with a neurodegenerative disorder using 
structural T1 or DTI data from select brain region. This 
was achieved using only a small number of regions: volume 
of four T1 structural regions and, separately, diffusivity 
metrics of four DTI regions were used to classify patients 
successfully. Similarly, using ASL-based perfusion values 
for two regions, the algorithm remained able to accurately 
classify patients with a high degree of accuracy. Finally, 
an overall model including all modalities with feature 
reduction was able to successfully differentiate diagnostic 
groups using ten features. Interestingly, the multimodality 
model without feature reduction yielded relatively poor 
classification accuracy, potentially due to multicollinearity 
which was not sufficiently accounted for by the embedded 
tolerance threshold. 

The same classification schedule was again implemented 
in order to differentiate healthy participants from patients 
with different neurodegenerative subtypes (DAT, PDD). 
Following feature reduction, all modalities remained 
substantively able to differentiate groups with relatively 
few anatomical regions. While these dimension reduction 
findings are important, particularly given the recent 
machine learning advances related to recovering data lost 

Table 6 Discriminant function determining disease classification accuracy of multimodal MRI analyses differentiating Alzheimer’s disease dementia 
and Parkinson’s disease dementia involving dimension reduction

Modalities Model accuracy (%) Features (#) Sensitivity (%) Specificity (%) PPV (%) NPV (%) Youden’s index (J)

All modalities 95.0 11 95.7 90.5 91.7 95 0.85

T1 91.7 11 91.3 85.7 87.5 90 0.77

DTI 75.0 2 77.8 72.2 70.0 80 0.51

ASL 60.0 9 62.5 58.3 50.0 70 0.21

MRS 60.0 4 66.7 57.1 40.0 80 0.24

Based on comparison between statistical classification and gold-standard diagnosis, sensitivity, specificity, positive predictive value (PPV), 
negative predictive value (NPV) and total model accuracy (Model accuracy) from each discriminant function analysis assessing the ability 
of each of the MRI modalities to differentiate participants with diagnosis of Alzheimer’s disease from those with diagnosis of Parkinson’s 
disease Dementia. MRI modalities included: arterial spin labelling (ASL), magnetic resonance spectroscopy (MRS), structural T1, and  
diffusion tensor imaging (DTI). 
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during MR acquisition, it is important not to over-interpret 
the clinical significance of the specific features themselves 
(i.e., regional metrics). An inherent limitation of feature 
selection algorithms involves the limited generalizability 
of those features selected by the model. Nevertheless, 
these regional metrics were substantially better classifiers 
than whole brain metrics. It is important to note that the 
use of an atlas (e.g., JHU atlas from which DTI metrics 
were derived) was based on a previous group procedure 
and included younger adults. Future clinical applications 
of this technique may want to consider hand drawn, atlas 
and single-subject automatic segmentation as it relates 

to optimizing classification accuracy. Additionally, all of 
these feature-reduced algorithms yielded substantially 
more accurate diagnoses than the trained rater qualitative 
review. Therefore, there appears to be clinically meaningful 
information in quantitative assessment of multimodal 
MRI derived from specific brain regions. As such, regional 
analyses may provide more sound diagnostic information 
than more global metrics. This is an important area for 
further investigation, particularly in larger data sets (e.g., 
ADNI) which may allow for ranking regional metrics in 
terms of incremental validity as well as potentially yield 
regional metrics that could be generalized to the evaluation 

Figure 2 Regions yielding successful group classification. Figures showing the significant regions of interest which predicted 
group classification using all MR modalities to differentiate neurodegenerative disorders from healthy aging (top row); differentiate 
neurodegenerative disorders from healthy aging (middle row) using ASL (red/yellow; left), DTI (FA = green; MD = yellow; AD = purple; 
RD = pink; middle) and volumetrics (blue; right); differentiate the three group neurodegenerative subtypes from healthy aging (bottom row) 
using ASL (left), DTI (middle) and volumetrics (right). ASL, arterial spin labeling; DTI, diffusion tensor imaging; FA, fractional anisotropy; 
MD, mean diffusivity; AD, axial diffusivity; RD, radial diffusivity.
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of single, clinical patients.
Taken together, these findings provide preliminary 

evidence for the clinical utility of quantitative T1-based 
structural volumetrics, DTI and ASL. Recently, quantitative 
volumetric analyses have begun to be used in clinical 
practice (e.g., Icometrix, NeuroQuant, NeuroReader). 
However, to the best of our knowledge, quantitative analysis 
of these other multimodal imaging modalities are not yet 
in widespread clinical use. In order to more fully integrate 
these tools within the clinical space, it is important to 
reflect on the time and computing requirements for the 
techniques discussed in this study. Computing time for 
preprocessing, quality assuring and statistically analyzing 
each MRI modality ranged from 30 minutes (MRS) 
to 4 hours (diffusion data). This is a relatively robust 
processing pipeline that would need to be optimized to 
both finish faster and be more automated in order to allow 
for streamlined clinical use. While further validation in 
larger samples as well as among other diagnostic groups 
(e.g., psychiatric, traumatic brain injury) are needed, these 
results confirm that future work appears warranted to help 
further to translate state-of-the-art multimodal brain MRI 
techniques to clinical practice. 

The brain regions which were found to be the most 
significant predictors of group classification appear to 
relate directly to systems implicated in neurodegenerative 
conditions. The hippocampus and entorhinal cortex are the 
hallmark regions associated with the initial neurodegeneration 
that in classical Alzheimer’s disease. Volumetric, functional 
connectivity and perfusion changes in the hippocampus 
has been shown as both biomarkers for Alzheimer’s 
disease progression as well as markers for the episodic 
memory deficits seen in these conditions (26). Additionally, 
patients with Alzheimer’s disease have been known to 
have reduced blood flow in the left occipital lobe (27).  
Other studies have shown that increased connectivity in 
the occipital pole is implicated with better cognition (28).  
Beyond Alzheimer’s disease, voxel-based morphometry 
has shown a volume loss in left occipital pole and right 
inferior temporal cortex in Huntington’s disease (29). 
The frontal pole is commonly affected across multiple 
neurodegenerative conditions from Alzheimer’s disease to 
PDD to frontotemporal lobar degeneration. Interestingly, 
the frontal pole has been implicated in the regulation of 
emotional behaviors (30) which is frequently evidenced 
in patients with NDD, with patients with NDD having 
poor emotional regulation and control (31). ASL has been 
shown to differentiate between Alzheimer’s disease and 

PDD (28). In particular, differences were seen in the medial 
temporal lobe, with Alzheimer’s disease having less relative 
perfusion than PDD, and in right frontal cortex, with PDD 
having less relative perfusion than AD. A separate study 
of volumetrics demonstrated that AD patients have the 
most severe atrophy of medial temporal lobe, followed by 
Parkinson’s and then healthy controls (32-34). Other work 
has shown that PDD have greater atrophy in the amygdala 
and hippocampus than nondemented Parkinson’s disease 
patients (35,36). 

The caudal part of left posterior cingulate cortex is 
approximately BA 31. BA 31 has been known to have 
grey matter volume reductions early in the progression of 
Alzheimer’s disease (33). These effects have also been seen 
in patients with Parkinson’s disease and essential tremor (34).  
This region could perhaps play a role in the cognitive 
dysfunction often seen in these patient populations. 
Further, changes in FA of forceps major and anterior 
thalamic radiation have been identified in many emotional 
disorders (37). Thus, these changes in FA which are seen in 
neurodegenerative disorder patients, could be biomarkers 
for the emotional dysregulation that these patients often 
present with. Similarly, MRI studies of schizophrenia have 
shown bilateral decrease in grey matter volume in the 
posterior superior temporal gyrus (38). This could be a 
factor in thought disorders seen in late stage NDD patients. 

Interestingly, although the least predictive classifier, 
MRS was substantially more specific than sensitive. This 
may be related to the common finding that MRS changes 
are very subtle in neurodegenerative conditions which limits 
the ability of MRS data to differentiate between diagnostic 
conditions (39). This may be due to the specifications of 
MRS employed in the present study. For example, this 
study used single-voxel MRS and it may be the case that 
multi-voxel MRS provides more meaningful clinical data 
for neurodegenerative patient populations. It may also be 
the case that other MRS metabolites not included in this 
study would have been more sensitive to neurodegenerative 
processes, such as myoinositol (MI). It is also possible that 
the MRS data was collected sub-optimally. For example, 
hippocampal MRS data was collected which is an area that 
is susceptible to atrophy in degenerative conditions and 
is therefore plagued with partial volume effects related 
to higher CSF content in the sample volume. However, 
creatine does not exist in CSF, so the creatine corrected 
ratios which were reviewed in this study ought to have 
avoided this limitation. Nevertheless, future studies may 
want to investigate methods for optimizing the clinical 
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utility of MRS for patients with neurodegenerative disorder. 
Regardless, MRS remains a meaningful tool for grading 
cerebral tumors and may well be a meaningful diagnostic 
tool in other clinical populations such as psychiatric 
disorders (40,41). 

Other techniques reported in the literature for 
diagnosing neurodegenerative conditions include other 
imaging modalities, clinical biomarkers (e.g., blood, 
plasma, lumbar puncture analysis) and neuropsychological 
evaluation. A metanalysis of SPECT imaging of different 
neurodegenerative disorder subtypes was found to have 
pooled sensitivities of 65.7% and specificities of 79.1% (42).  
Presynaptic dopaminergic imaging using 123I-FP-CIT 
(DATSCAN) was found in a recent metanalysis to have 
86.5% sensitive and 93.6% specific in diagnosis patients 
with Lewy body dementia (43). Similarly, patients with 
mild cognitive impairment of the Lewy body type were 
differentiated from healthy aging participants using the 
DATSCAN with 54.2% sensitivity and 89.0% specificity (44).  
It is important to note that both of these DATSCAN 
studies were conducted using visual inspection of the 
DATSCAN imaging and in patients with Lewy body 
disease. The quantitative analysis of DATSCAN or other 
PET scans has yet to be investigated in neurodegenerative 
samples. A metanalysis of traditional and quantitative 
electroencephalogram (qEEG) found that, despite the 
previously reported high diagnostic accuracy of EEG, 
there is not currently sufficient evidence for the meaningful 
clinical utility of EEG/qEEG for the diagnosis of patients 
with mild cognitive impairment or dementia (45). CSF 
biomarkers of neurodegenerative conditions, such as 
amyloid beta and phosphorylated tau, have been shown 
to have robust sensitivity and specificity (70–84%) for 
differentiating Alzheimer’s disease from healthy aging, 
particularly when considered together (46). In this same 
study, sensitivity and specificity of these CSF biomarkers 
were both lower when attempting to differentiate 
participants with mild cognitive impairment from healthy 
aging. Similarly, phosphorylated tau derived from blood 
samples was shown to correlate well with Alzheimer’s 
progression as well as successfully differentiate Alzheimer’s 
disease from cognitively healthy older adults as well as other 
neurodegenerative conditions. Plasma phosphorylated 
tau has been shown to have similar classification accuracy 
and to correlate well with Tau PET imaging. Estimates 
of diagnostic accuracy for neuropsychological assessment 
of neurodegenerative conditions vary widely based largely 
on the type of neuropsychological data investigated. A 

recent metanalysis assessed the diagnostic accuracy of 
neuropsychological test batteries for the diagnosis of DAT 
and amnestic mild cognitive impairment. This analysis 
yielded sensitivity and specificity of 87–89% and 88–89% 
when classifying participants with DAT and 72–75% 
and 81%, respectively, when classifying participants with 
amnestic mild cognitive impairment (47). Not surprisingly, 
studies investigating the use of single neuropsychological 
tests yield lower diagnostic accuracy findings. For 
example, studies of the clock drawing test reported overall 
diagnostic accuracies ranging from 59% to 85.0% when 
attempting to differentiate DAT from healthy aging (48,49). 
Caregiver questionnaires have been devised for screening 
for frontotemporal dementia with sensitivity of 79% and 
specificity of 90% (49). However, the main takeaway noted 
in this paper was the importance of informant-based data 
gathering in the clinical assessment of neurodegenerative 
disorders. Conversely, diagnostic accuracy of instrumental 
activities of daily living questionnaires have been shown to 
be of minimal clinical significance (50). 

Considering this literature on diagnostic tools for 
neurodegenerative conditions, the diagnostic accuracy of 
the statistical analysis of multimodal MRI presented in the 
present study appear to match or supersede the findings of 
other diagnostic tools. While PET-based imaging yielded 
similar diagnostic accuracy, PET is invasive and requires the 
injection of a radioactive ligand, and therefore has a higher 
risk profile than MRI without contrast (51). Similarly, CSF-
based biomarkers appear to provide meaningful clinical 
data though their ability to differentiate neurodegenerative 
disorder (52) subtypes is somewhat unclear and again the 
extraction of these biomarkers requires an invasive lumbar 
puncture. SPECT imaging and EEG/qEEG appear to be 
unreliable for differential diagnosis of neurodegenerative 
conditions (42-45). Neuropsychological assessment is 
certainly a robust diagnostic tool, particularly when 
complete neuropsychological batteries are used (47). 
Given that multimodal MRI, or any other neuroimaging 
metric to our knowledge, is not currently able to 
differentiate participants with and without cognitive 
deficit, neuropsychological assessment provides clinically 
meaningful data that cannot currently be captured by a 
brain scan. As such, quantitative analysis of multimodal MRI 
may be a meaningful clinical adjunct to neuropsychological 
assessment.

This study has some limitations which should be noted. 
Generalizability to other neurologic or psychiatric patient 
populations is limited due both to the relatively small 
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sample size and the specific neurodegenerative diagnoses 
included in this study. In this vein, the interrater statistics for 
differentiating patients with neurodegenerative disorder from 
healthy participants was not sufficient to warrant further 
classification into neurodegenerative disorder subtypes. 
Further, given the cross-sectional nature of this study, we 
are unable to make inferences regarding the ability of these 
imaging modalities to predict such clinically meaningful 
metrics as diagnostic progression, prognosis or response to 
treatment. Similarly, there is no evidence to suggest that 
the multimodal MRI assessment presented herein would 
allow for differentiation between patients with diagnosis of 
Parkinson’s disease with dementia and those with Parkinson’s 
disease without dementia. The ability to predict cognitive 
performance from multimodal MRI is an interesting avenue 
for future research (53-58). Additionally, the ability for these 
tools to differentiate neurologic and psychiatric conditions 
should be further evaluated in future studies. Further, it 
is important to note that qualitative, visual inspection of 
DTI is not traditionally used in the clinical setting at all. 
However, this style of inspection as used in the present study 
sought to provide a trained rater analogue to the statistical 
classification procedures. Although qualitative inspection 
of these modalities was able to somewhat differentiate 
groups, the comparison of quantitative classification to visual 
investigation, both compared to gold-standard diagnostic 
procedures, in the present study suggests that the addition of 
quantitative assessment may provide additional, meaningful 
clinical data. Although FA values accounted for the majority 
of the predictive value of DTI metrics, MD and RD values 
were also important for group classification. As such, there 
appears to be clinically useful information in these additional 
DTI metrics, although FA alone also appears to be an 
important metric in its own right (59). Finally, as with all MR 
imaging analyses, the results of analyses from each of these 
MR modalities should be interpreted with caution, as MR 
data is an indirect assessment of the underlying physiological 
process it purports to measure (e.g., DTI and WM health); 
therefore, direct information about changes in the brain 
cannot always be derived from MR data. Comparison of 
MR data with other clinical labs (e.g., blood panels, genetic 
testing) is critically important; it is always necessary for 
clinicians to consider the data from any neuroimaging 
study in the context of each patient’s unique history and 
clinical presentation. Clinical usage of multimodal MR 
with statistical comparisons and mapping clinically available 
should allow the clinician to incorporate that data into 
their overall clinical interpretation, similar to the results of 

genetic analyses or psychodiagnostic tests. Currently, there 
are limited software packages available that automate and 
streamline the preprocessing and analytic pipelines required 
to conduct such analyses in a clinical context. As it stands, a 
cumbersome amount of in-house programming is required 
to develop the analytic pipeline, followed by approximately 
90–120 minutes of human time per multimodal patient data 
set. To make these multimodality MR tools clinically useful, 
these hurdles must be overcome. 

Conclusions

The current study provides a unique contribution to the 
existing literature on the potential clinical viability of 
multimodal MR imaging. As this study found that structural 
T1 assessment of regional volume, diffusion weighted 
assessment of regional WM, and ASL assessment of 
regional perfusion all were able to successfully differentiate 
different neurodegenerative disorder subtypes from 
healthy aging, it is likely that these techniques can be 
implemented in routine clinical neurologic practice in a 
way that meaningfully supplements the clinician’s existing 
patient data. Additionally, as these MR modalities were 
more precisely able to accurately differentiate diagnostic 
groups when used with advanced statistical analytic tools, 
it is likely that the advent of streamlined statistical software 
for cleaning and clarifying this data will improve the clinical 
utility of multimodal MR. Indeed, as such software packages 
achieve regulatory approval and minimize the work needed 
to set up and run such analyses, these tools will overcome 
several of the hurdles identified by clinicians as barriers to 
clinical use of advanced multimodal MR. Given the success 
of these tools to differentiate neurodegenerative disorder 
subtypes from worried-well, healthy aging patients, such 
evidence-based, statistically-sound, multimodal MR tools 
may have a profound impact on the fields of neurology and 
psychiatry. Taken together, these findings suggest the need 
for ongoing investigation of multimodal MR sequences and 
statistical programs as valid tools that can and should be 
translated into routine clinical care. 
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