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A B S T R A C T   

Fluid-attenuated inversion recovery (FLAIR) MRI has emerged as an important sequence for the analysis of ce-
rebrovascular (CVD) and Alzheimer’s disease (AD). Large-scale, automated cross-sectional and longitudinal ce-
rebral biomarker extraction from FLAIR datasets could progress disease characterization, improve disease 
monitoring, and help to determine optimal intervention times. Despite this, most automated biomarker 
extraction algorithms are designed for T1-weighted or multi-modal inputs. In this work, automated tools were 
used to extract biomarkers from large, FLAIR-only datasets to evaluate the feasibility of this sequence to char-
acterize healthy, AD, and CVD subjects in a similar manner to traditional approaches. Total brain volume (TBV), 
cerebrospinal fluid (CSF) volume, and white matter lesion (WML) volume was measured for the cross-sectional 
biomarkers and the corresponding annual rates of change over multiple scans represented the longitudinal 
biomarkers. Biomarkers were extracted from two dementia cohorts (4356 vol, 162 233 images) and one vascular 
disease cohort (869 vol, 42 850 images) using deep learning-based segmentation algorithms designed specifically 
for FLAIR. Biomarkers from all cohorts were summarized using descriptive statistics, correlation analysis, and 
ANCOVA to assess differences in diagnostic labels while accounting for demographic and acquisition factors. 
Biomarkers from FLAIR MRI had similar trends with those extracted from traditional modalities in the literature 
for characterizing healthy, AD, and CVD subjects. This demonstrates that FLAIR MRI can be used for end-to-end 
analysis of large AD and CVD datasets, which can lower acquisition costs, simplify clinical translation, and 
reduce measurement error associated with multi-modal approaches.   

1. Introduction 

Neurodegenerative disease research is a growing priority due to the 
significant burden placed on healthcare systems. It is estimated that by 
2031, one million Canadians will be living with dementia with an 
annual cost of care exceeding $16 billion (Chambers et al., 2016). Alz-
heimer’s disease (AD) is the leading cause of dementia (Mayeux and 

Stern, 2012) with cerebrovascular disease (CVD) identified as the second 
most common contributor to advanced cognitive impairment (Smith 
et al., 2017). Currently, there are limited options for prevention and 
treatment (Iadecola, 2013). Cognitive impairment in early stages of AD 
is commonly referred to as mild cognitive impairment (MCI) and rep-
resents individuals who have significant memory deficits but do not 
meet AD criteria (Evans et al., 2010; Jack et al., 2008a; Silbert et al., 
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2009). The MCI phase represents a treatment intervention window 
before advanced cognitive impairment and irreversible neuro-
degeneration occurs (Evans et al., 2010). However, determining whom 
to treat and when requires reliable biomarkers that stratify patients, 
monitor disease progression, and establish optimal intervention times. 
As MRI provides near real-time clues related to neurodegeneration and 
aging, MRI based biomarkers have been strong candidates for these 
applications. 

There are many cerebral biomarkers studied for neurodegenerative 
disease characterization. For example, white matter lesions (WML) have 
been associated with cognitive impairment and increased risk of stroke 
and dementia (Debette and Markus, 2010). Total brain volume (TBV), 
primarily composed of gray matter (GM) and white matter (WM), has 
also been studied, and while TBV naturally declines with age at a rate of 
about 5% per decade after the age of 40 (N. C. Fox and Schott, 2004; 
Scahill et al., 2003; Svennerholm et al., 1997), AD and CVD increase this 
rate (N. Fox et al., 1999; Scahill et al., 2002). As GM and WM regions 
atrophy, cerebrospinal fluid (CSF) spaces in the ventricles and cortical 
sulci expand. As such, ventricular enlargement and increased CSF vol-
ume have also been correlated with brain atrophy and cognitive decline 
(Freeborough and Fox, 1997; Nestor et al., 2008). Manual analysis of 
these MRI biomarkers is laborious and prone to inter-observer vari-
ability (Bilello et al., 2010; Wilke et al., 2011). In contrast, automated 
tools can extract neuroimaging biomarkers from large cohorts efficiently 
and objectively. 

There are many automated frameworks for neurological biomarker 
extraction designed for T1-and T2-weighted images (Evans et al., 2010; 
Hansen et al., 2015; Heinen et al., 2019; Narayana et al., 2020; Nor-
denskjöld et al., 2013). However, the fluid-attenuated inversion recov-
ery (FLAIR) MRI sequence has emerged as an important modality for AD 
and CVD imaging (García-Lorenzo et al., 2013; Heinen et al., 2019; 
Khademi et al., 2011; Wardlaw et al., 2015). WML visualization is ideal 
in FLAIR MRI since the CSF signal is supressed and WML are hyperin-
tense (Soltanian-Zadeh and Peck, 2001). WML have typically been 
analyzed by registering T2-weighted or FLAIR images to their corre-
sponding T1-weighted space (Wardlaw et al., 2015). As these methods 
are dependent on a secondary sequence they cannot be directly trans-
lated to FLAIR alone (Reiche et al., 2019). Additionally, registration can 
distort lesion location and size in volumes with small lesion loads due to 
partial volume averaging, especially when there is a mismatch in voxel 
sizes (De Boer et al., 2007). In (Narayana et al., 2020), the authors 
showed that using FLAIR as a sole input to a deep learning model for 
WML segmentation provided similar performance to models trained 
with multimodal sequences and FLAIR on its own gave way to lower 
false positive rates for low lesion loads. In (Khademi et al., 2021), we 
showed that deep learning-based WML segmentation on multicentre 
FLAIR MRI provided the highest similarity to ground truth WML de-
lineations compared to traditional thresholding and machine learning 

methods. These studies strongly support the use of FLAIR-only systems 
for automated WML segmentation. 

Brain atrophy has traditionally been quantified using T1-weighted 
images (Messina and Patti, 2014; Morgen et al., 2006), however, the 
nulled CSF signal makes FLAIR a suitable candidate for atrophy quan-
tification. In (DiGregorio et al., 2021), it was shown that deep 
learning-based systems for intracranial volume (ICV) segmentation in 
multicentre FLAIR MRI achieved high segmentation performance as 
compared to manual annotations. In (Reiche et al., 2019) and (Khademi 
et al., 2020), it was also shown that ICV segmented, and intensity 
standardized FLAIR can be robustly thresholded to isolate the TBV and 
CSF tissues. 

As FLAIR is routinely acquired, there is value in biomarker extraction 
algorithms that operate solely on this sequence for AD and CVD cohorts. 
Additionally, new studies are emerging that demonstrate other mea-
surements from FLAIR could be a valuable addition to biomarker pipe-
lines (Maillard et al., 2013) and measurements from retrospectively 
collected FLAIR could substantially improve the ability to detect treat-
ment related differences (Maillard et al., 2013). Therefore, future works 
will continue to develop novel biomarkers for the FLAIR sequence and 
unified biomarker systems would be of value. Not only are integration 
hurdles reduced by extracting metrics from a single sequence, but also, 
measurement variability across biomarkers would be reduced as well. 
Each set of images and tools are subject to measurement variabilities and 
biases. If different sequences are used to compute biomarkers, the 
sources of variability are inherently different, making it difficult to 
elucidate small changes. Extracting features from the same sequence 
(and employing the same preprocessing) has the benefit of lower and 
more consistent measurement variability across biomarkers. Therefore, 
comparison across biomarkers and time points can be more reliable. 

This work presents analysis of TBV, CSF, and WML volumetric bio-
markers derived solely from neurological FLAIR MRI to establish FLAIR 
only cross-sectional and longitudinal benchmarks in large image cohorts 
of subjects with AD and CVD. Biomarkers are extracted using tools 
previously validated for multicentre FLAIR MRI. It is hypothesized that 
cross-sectional and longitudinal TBV, CSF, and WML volumes from CVD 
and AD FLAIR MRI databases can replicate previously demonstrated 
trends measured with standard MRI techniques. 

2. Methods 

Cerebral biomarkers were extracted using only FLAIR MRI volumes. 
Cross-sectional biomarkers included TBV, CSF volume, and WML vol-
ume and were calculated using the first time point of each patient’s 
scans. All volume measurements were calculated in millilitres (mL or 
cm3). Longitudinal biomarkers included rates of change to extracted 
tissue volumes. 

Table 1 
Summary of data in the CAIN, ADNI, and CCNA databases.   

CAIN (total = 869, subjects = 400) ADNI (total = 4102, subjects = 900) CCNA (subjects = 254) 

Disease Ischemic Disease CN MCI AD SCI MCI V-MCI AD 
Volumes per Disease 869 1270 2296 536 50 98 63 43 

Age Group 40s 50s 60s 70s 80s 90s 50s 60s 70s 80s 90s 60s 70s 80s 
Volumes per Age Group 8 56 288 398 111 10 131 1180 1990 757 44 86 120 48 

Total Image Slices 42 850 150 000 12 233 
Male/Female (%) 62%/38% 53%/47% 54%/46% 

Centers 8 58 18 
Scanner Vendors GE, Philips, Siemens GE, Philips, Siemens GE, Philips, Siemens 

Magnetic Field (T) 3 3 3 
TR (ms) 8000–11000 6000–11900 9000–9840 
TE (ms) 117–150 90–192 117–148 
TI (ms) 2200–2800 2250–2800 2250–2500 

Pixel Spacing (mm) 0.43–1.09 0.78–1.02 0.94 
Slice Thickness (mm) 3–5 2–6 3  
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2.1. Experimental data 

The three multicentre FLAIR MRI datasets used in this work are 
summarized in Table 1. The first data repository was from the Canadian 
Atherosclerosis Imaging Network (CAIN) (Tardif et al., 2013), a 
pan-Canadian vascular disease study. CAIN contains 400 unique subjects 
with one to two follow-up scans totalling 869 imaging volumes (42 850 
image slices). The mean amount of elapsed time between scans for CAIN 
patients was 1.00 years ± 0.08. The CAIN dataset was mainly used to 
analyze the effect of demographic factors on biomarkers and the mean 
age is 71.0 years ± 7.9. The second dataset was from the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI), one of the largest open re-
positories for the study of AD and dementia (Jack et al., 2008a). ADNI 
contains 900 unique subjects with a mean age of 73.5 years ± 7.4 with 
one to five follow-up scans for 4102 imaging volumes (150 000 image 
slices). The mean amount of elapsed time between scans for ADNI pa-
tients was 0.69 years ± 0.41. In ADNI, there were cognitive diagnosis 
labels for 1270 cognitively normal (CN) scans, 2296 early or late MCI 
scans, and 536 AD scans. The third dataset was from the Canadian 
Consortium on Neurodegeneration in Aging (CCNA), a pan-Canadian 
study investigating different types of dementia (Chertkow et al., 2019; 
Mohaddes et al., 2018). The CCNA subset used in this work contains 
cross-sectional scans for 50 subjective cognitive impairment (SCI) sub-
jects, 98 MCI subjects, 63 vascular MCI (V-MCI subjects), and 43 AD 
subjects. The mean age in CCNA is 73.2 years ± 6.9. Diagnosis for both 
CCNA and ADNI were obtained through a battery of clinical instruments 
(Jack et al., 2008a; Mohaddes et al., 2018). The distribution of patients 
across acquisition centers for each site is shown graphically in the Ap-
pendix (Fig. F). 

2.2. Biomarker extraction 

FLAIR MRI volumes were first preprocessed using bias field correc-
tion and intensity standardization (Reiche et al., 2019). Intensity stan-
dardization normalizes and aligns intensity ranges for each of the 
prominent tissue classes, which eases segmentation and improves 

generalization across datasets (Reiche et al., 2019). The intracranial 
volume (ICV) was segmented using a MultiResUNet convolutional 
neural network (CNN) architecture developed for FLAIR MRI in 
(DiGregorio et al., 2021). This MultiResUNet was trained, validated, and 
tested using 125 CAIN, 25 ADNI, and 25 CCNA volumes with gold 
standard ground truth labels (DiGregorio et al., 2021). Dice loss, Adam 
optimizer, and a batch size of 16 over 50 epochs was used in the Mul-
tiResUNet. WML were segmented from the standardized and ICV 
segmented images using a skip connection U-Net (SC U-Net) CNN 
designed in (Khademi et al., 2021) for FLAIR MRI. The SC U-Net for 
lesion segmentation was also developed using subsets of CAIN, ADNI, 
and CCNA volumes with gold-standard lesion labels. A generalized dice 
loss, Adam optimizer, and a batch size of 64 over 75 epochs was utilized 
for the SC U-Net. The volumes used for model training are distinct from 
those analyzed in this work and both automated tools have been 
extensively tested in terms of their ability to generalize to unseen data 
(DiGregorio et al., 2021; Khademi et al., 2021). 

To compute CSF and TBV, the ICV was segmented by thresholding 
the intensity standardized images (Reiche et al., 2019). Since the his-
tograms of imaging volumes were aligned via standardization, the same 
threshold was applied over all images. TBV, CSF, and WML volumes 
were calculated by summing the number of pixels in each class and 
multiplying by voxel dimensions. To compensate for pre-morbid brain 
size, gender differences, and inter-subject head size variation (Hansen 
et al., 2015; Nordenskjöld et al., 2013), ICV was used to normalize 
volumetric biomarkers (Hansen et al., 2015; Nordenskjöld et al., 2013). 

For longitudinal biomarkers, the normalized, annual volume changes 
were computed in %/year: 

Δvol %=(
(vol2 − vol1

vol1
)

TBS
) × 100  

where vol1 is the volume of a structure at time point #1, vol2 is the 
volume of the same structure at time point #2, and TBS is the time be-
tween scans in years. The average rate of change between pairs of 
consecutive scans was computed for subjects with longitudinal scans. 

2.3. Statistical analysis 

Biomarkers extracted from all cohorts were first summarized with 
descriptive statistics (means (SD), medians (IQR), and frequencies as 
counts (%)). Pearson’s correlation coefficient was used to investigate the 
relationship between cross-sectional biomarkers and subject age for all 
subjects, men, and women to observe the impact of sex. To quantita-
tively examine differences in biomarker means across groups (i.e., dis-
ease, age), ANCOVA was used for cross-sectional and longitudinal 
biomarkers. Normality of residuals were visualized for each ANCOVA 
model and homogeneity in variance was assessed using Levene’s test 
(Table B,C,D). Covariates (i.e., sex, center, scanner) were included 
where appropriate. For instances where ANCOVA tests were significant, 
Tukey’s Honest Significant Difference (HSD) post-hoc tests, which cor-
rects for multiple comparisons, were used to examine the sources of 
difference. Statistical significance was considered for α = 0.05. 

2.4. Biomarker comparisons 

FLAIR biomarkers were analyzed to investigate whether CVD and 
AD-dementia disease trends were comparable to similar studies using 
standard MRI techniques. The focus is on comparing to literature esti-
mates for longitudinal biomarkers as inter-study differences between 
cross-sectional biomarkers are likely cohort related. Studies with similar 
characteristics to the clinical datasets used in this work were mainly 
considered. Namely, research that included measuring changes to TBV, 
CSF, or WML volumes in healthy, ischemic disease, MCI, or AD cohorts 
were used to establish biomarker benchmarks. All studies had large 
sample sizes (n > 40 patients), spanned multiple age decades, and had 

Table 2 
Summary of longitudinal biomarker estimates from the literature. Estimates are 
shown as means ± standard deviation (when reported).  

Biomarker Disease Estimate MRI 
Sequence 

Reference 

TBV Change CN − 0.27%/year ±0.15 T1 De Stefano et al. 
(2016) 

CN − 0.50%/year ± 0.22 T1 Scahill et al. (2003) 
CN − 0.45%/year T1 Fotenos et al. (2005) 
CN − 7.35 mL/year T1 Driscoll et al. (2009) 
CVD − 0.95%/year T1 Seghier et al. (2014) 
MCI − 1.05%/year ± 0.92 T1 Evans et al. (2010) 
MCI − 0.98%/year T1 Fotenos et al. (2005) 
MCI − 8.71 mL/year T1 Driscoll et al. (2009) 
AD − 1.5%/year ± 0.92 T1 Evans et al. (2010) 

Ventricular CSF 
Change 

CN 3.1%/year T1 Evans et al. (2010) 
CN 1.31 mL/year T1 Driscoll et al. (2009) 
MCI 3.09 mL/year ± 2.72 

8.2%/year 
T1 Evans et al. (2010) 

MCI 1.86 mL/year T1 Driscoll et al. (2009) 
AD 4.40 mL/year ± 2.99 

10.4%/year 
T1 Evans et al. (2010) 

WML Change CN 0.8 mL/year ± 1.10 T1, FLAIR Silbert et al. (2009) 
CN 0.23–1.33 mL/year T2 Schmidt et al. (2016) 
CVD 1.59 mL/year 

6.80%/year 
T1, FLAIR Seghier et al. (2014) 

CVD 3.96 mL/year T2, DTI Schmidt et al. (2016) 
MCI 2.4 mL/year ± 2.20 T1, FLAIR Silbert et al. (2009) 
MCI 6.5%/year T1, FLAIR Silbert et al. (2012) 
AD 10%/year T1, T2, 

FLAIR 
Richard et al. (2010) 

AD 7–11.6%/year T1, FLAIR Stephen et al. (2019)  
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male and female representation. All studies considered used semi- or 
fully automated techniques for biomarker extraction to enable fair 
comparison. Table 2 summarizes the literature estimates used to 
compare to the longitudinal FLAIR cohorts and biomarkers in this work. 
Majority of the literature for TBV, and CSF volume changes utilized T1- 
weighted sequences, and CSF analysis was mainly for ventricular CSF 
enlargement (compared to whole CSF compartment used in this work). 
Studies measuring changes to WML volumes relied on FLAIR data, 
though analysis utilized multi-modal inputs. 

Estimated rates of TBV volume changes in healthy populations 
ranged from − 0.27%/year (De Stefano et al., 2016) to − 0.50%/year 
(Scahill et al., 2003). One study found a mean of − 0.45%/year TBV 
change, which they compared to various literatures between 
− 0.37%/year to − 0.88%/year (Fotenos et al., 2005), while another 
reports − 7.35 mL/year (Driscoll et al., 2009). Ischemic cohorts slightly 

exceeded this range (Jouvent et al., 2010) with estimates including 
− 0.95%/year (Seghier et al., 2014). For MCI and AD patients, estimates 
were as high as − 1.05%/year and − 1.5%/year respectively (Evans et al., 
2010). There was less consensus for estimated measurements of CSF 
system enlargement, partially because of the variation between studies 
regarding how much of the ventricular system should be included 
(Evans et al., 2010). Estimates of ventricular expansion in healthy 
controls included 3.1%/year (Evans et al., 2010) and 1.31 mL/year 
(Driscoll et al., 2009). MCI cohort estimates included 3.09 mL/year, 
8.2%/year (Evans et al., 2010) and 1.86 mL/year (Driscoll et al., 2009). 
For AD cohorts, estimates were generally the highest at 4.40 mL/year 
and 10.4%/year (Evans et al., 2010). WML volume changes in healthy 
cohorts have been estimated at various ranges with estimates of 0.8 
mL/year (Silbert et al., 2009) and 0.23–1.33 mL/year (Schmidt et al., 
2016). Estimates for ischemic cohorts were higher at 1.59 mL/year or 

Fig. 1. ICV, TBV, CSF and WML segmentations for volume slices from CAIN (top), ADNI (middle), and CCNA (bottom).  

Table 3 
Mean (±SD) cross-sectional biomarkers for all disease classifications in each dataset. Raw biomarkers (mL) and ICV normalized biomarkers (%) are shown for each 
tissue.  

Dataset Disease ICV (mL) TBV (mL) CSF (mL) WML (mL) TBV (%) CSF (%) WML (%) 

CAIN Ischemic Disease 1362 ± 144.6 1153 ± 136.1 211.6 ± 77.18 11.05 ± 11.44 85.06 ± 5.77 14.93 ± 5.77 0.77 ± 0.79 
ADNI CN 1345 ± 149.4 1094 ± 122.4 259.7 ± 63.57 7.99 ± 11.41 81.22 ± 4.14 18.77 ± 4.14 0.57 ± 0.80 

MCI 1371 ± 145.7 1101 ± 132.3 269.6 ± 72.27 8.72 ± 9.64 80.70 ± 4.64 19.29 ± 4.64 0.61 ± 0.69 
AD 1344 ± 158.2 1028 ± 138.6 325.0 ± 68.95 10.84 ± 9.82 76.56 ± 4.53 23.43 ± 4.53 0.82 ± 0.76 

CCNA SCI 1346 ± 118.7 1153 ± 96.05 193.8 ± 48.53 6.21 ± 5.00 85.69 ± 2.92 14.31 ± 2.92 0.46 ± 0.41 
MCI 1378 ± 133.1 1155 ± 116.5 222.3 ± 52.98 6.12 ± 6.94 83.90 ± 3.33 16.09 ± 3.33 0.44 ± 0.49 
V-MCI 1428 ± 147.0 1161 ± 127.8 266.4 ± 70.47 25.92 ± 20.52 81.41 ± 4.33 18.58 ± 4.33 1.78 ± 1.35 
AD 1373 ± 146.7 1088 ± 114.6 285.1 ± 73.5 7.07 ± 4.33 79.36 ± 4.31 20.63 ± 4.31 0.51 ± 0.30  

Table 4 
Mean (±SD) longitudinal biomarkers for all disease classifications in each dataset.  

Dataset Disease TBV (mL/year) CSF (mL/year) WML (mL/year) TBV Atrophy (%/year) CSF Expansion (%/year) WML Expansion (%/year) 

CAIN Ischemic Disease − 8.07 ± 11.50 6.03 ± 8.48 0.68 ± 1.67 − 0.69 ± 1.01 3.66 ± 5.46 7.07 ± 13.46 
ADNI CN − 8.13 ± 12.59 5.27 ± 11.59 0.42 ± 1.27 − 0.72 ± 1.15 2.28 ± 4.67 5.65 ± 15.41 

MCI − 11.71 ± 15.54 8.06 ± 12.74 0.65 ± 1.77 − 1.01 ± 1.67 3.23 ± 5.31 10.97 ± 24.45 
AD − 19.11 ± 17.09 11.57 ± 16.13 1.07 ± 2.41 − 1.84 ± 1.69 3.95 ± 5.46 11.54 ± 22.85  

J. DiGregorio et al.                                                                                                                                                                                                                             



Neuroimage: Reports 2 (2022) 100091

5

6.80%/year (Seghier et al., 2014) and 3.96 mL/year (Schmidt et al., 
2016). Estimates for MCI cohorts included 6.5%/year (Silbert et al., 
2012) and 2.4 mL/year (Silbert et al., 2009), while estimates for AD 
have exceeded 10%/year (Richard et al., 2010; Stephen et al., 2019). 
Differences in estimates are likely attributed to differences in disease 

severity between studies, age differences across groups as well as 
biomarker measurement methodology (Chan et al., 2003; Jack et al., 
2008b; Mungas et al., 2005; Scahill et al., 2002). 

Fig. 2. Cross-sectional and longitudinal biomarker distributions for CAIN versus age group.  
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3. Results 

3.1. Biomarker extraction 

Sample ICV, TBV, CSF and WML segmentations are shown in Fig. 1 
for images from CAIN, ADNI, and CCNA, which shows accurate de-
lineations across multicentre, multi-disease datasets. Mean ± SD cross- 
sectional and longitudinal biomarkers over all datasets are shown in 
Tables 3 and 4, respectively. Mean biomarkers are also visualized for 
each cohort in Figs. A and B of the Appendix. Moderate standard de-
viations are likely attributed to the diversity of the cohorts and multi-
tude of acquisition sites since the tools have been previously validated. 
The magnitude of standard deviation is also comparable to other works 
measuring cerebral biomarkers (Evans et al., 2010; Scahill et al., 2003; 
Stephen et al., 2019). 

Cross-sectional biomarker trends from FLAIR MRI showed progres-
sion of neurodegenerative disease is associated with less TBV (WM and 
GM atrophy) and higher CSF volume (larger ventricles, more sub-
arachnoid spaces). Specifically, TBV was lower in CCNA and ADNI over 
disease groups indicating more cerebral tissue loss for worse cognitive 
condition. CSF volumes followed a similar but opposite trend. For WML 
volumes, there was a slightly higher load between CN, MCI, and AD in 
ADNI, with similar trends in CCNA. CAIN subjects had moderate lesion 
loads that were slightly higher or comparable to subjects with AD. The 
largest WML load was for the V-MCI group (1.78% ± 1.35). Within the 
ADNI cohort, AD subjects had higher normalized WML volumes 
compared to MCI (0.82% ± 0.76 versus 0.61% ± 0.69). This was also 
found to a lesser extent in the CCNA cohort (0.51% ± 0.30 versus 0.44% 
± 0.49). Healthy subjects had the lowest mean WML volumes for ADNI 
and were comparable to MCI subjects in CCNA. 

Longitudinal biomarker trends showed that ADNI subjects with AD 
experienced the highest rates of TBV change (− 1.84%/year ± 1.69) and 
CSF change (3.95%/year ± 5.46) followed by MCI (− 1.01%/year ±
1.67, 3.23%/year ± 5.31) and CN (− 0.72%/year ± 1.15, 2.28%/year ±
4.67) subjects. In the CAIN dataset, longitudinal TBV biomarkers were 
comparable to non-impaired subjects from ADNI while longitudinal CSF 
biomarkers were comparable to MCI subjects from ADNI. With respect to 
WML volume change, AD (11.54%/year ± 22.85) and MCI subjects 
(10.97%/year ± 24.45) had the highest volume changes. Vascular dis-
ease subjects in CAIN had less WML expansion (7.07%/year ± 13.46) 
but were still beyond the rate of change in non-impaired cohorts 
(5.65%/year ± 15.41). 

3.2. CAIN analysis 

Analysis on the CAIN dataset focused on biomarker differences 

between age groups. Age groups were defined by step sizes of 10 years 
and differences in biomarker means between age groups were analyzed 
using ANCOVA. To balance sample sizes, subjects in their 50s or 
younger, along with subjects in their 80s or older were grouped into 
single categories. 

Cross-sectional and longitudinal biomarkers per age group are 
summarized in Table A (Appendix) and biomarker distributions are 
shown in Fig. 2. TBV decreased for increasing age while TBV atrophy 
increased with each progressive decade. The highest rate of TBV atrophy 
was for subjects in their 80s or older (− 1.13%/year). CSF volumes also 
increased as a function of age, with the highest rate of CSF expansion in 
oldest age group (4.79%/year). WML volumes also increased with age, 
with the largest increase in mean lesion load between the 70s and 80+
age groups. This trend was also observed for longitudinal WML bio-
markers where rates of expansion were 7.39%/year and 10.07%/year 
for subjects in their 70s and 80s + respectively. 

Results of ANCOVA testing across age groups (adjusting for sex, 
scanner, and center) showed significant differences for all three cross- 
sectional biomarkers (p < 0.05), with all covariates having a signifi-
cant effect for TBV and CSF volume. Post-hoc testing in Table 5 shows 
that TBV and CSF volumes had significant differences (p < 0.01) be-
tween all age groups outside of the ≤ 50s versus 60s (p = 0.079) and 60s 
versus 70s (p = 0.281) comparisons. WML volume had significant dif-
ferences between all groups except for the ≤ 50s versus 60s (p = 0.368), 
≤50s versus 70s (p = 0.093), and 60s versus 70s (p = 0.652) compar-
isons. For longitudinal biomarkers, significant differences (p < 0.05) 
were found between age groups for rates of TBV and WML volume 
change with center also having an effect for WML expansion. Post-hoc 
testing for TBV atrophy revealed differences between ≤ 50s versus ≥
80 s years of age (p = 0.043) and 60s versus ≥ 80 s years of age (p =

0.049). For WML expansion, significant differences only existed for the 
≤ 50s versus ≥ 80s age group comparison (p = 0.023). 

Correlation plots between subject age and cross-sectional biomarkers 
are shown in Fig. C (Appendix). Significant (p < 0.05) negative corre-
lations were found between TBV and age for all subjects (r = − 0.29), 
men (r = − 0.32), and women (r = − 0.26). The same trends were 
observed between CSF volumes and age but with positive correlations. 
Significant (p < 0.05) positive correlations were found between WML 
volume and age for all subjects (r = 0.22), men (r = 0.18), and women 
(r = 0.29). 

3.3. ADNI analysis 

In the ADNI cohort, biomarkers were analyzed as a function of 
cognitive diagnosis along with correlation analysis between subject age 
and cross-sectional biomarkers. The distribution of cross-sectional and 

Table 5 
ANCOVA results for cross-sectional and longitudinal biomarkers in CAIN between age groups with sex, scanner, and center as covariates. Reported as p-values (α =
0.05) where bold indicates significance. Post-hoc testing is reported as effect size (difference in means), p-value.  

ANCOVA  

Age Group Sex Scanner Center 

TBV (%) p < 0.001 p = 0.002 p < 0.001 p < 0.001 
CSF (%) p < 0.001 p = 0.002 p < 0.001 p < 0.001 
WML (%) p < 0.001 p = 0.588 p = 0.342 p = 0.092 
TBV Atrophy (%/y) p = 0.019 p = 0.713 p = 0.593 p = 0.081 
CSF Expansion (%/y) p = 0.659 p = 0.373 p = 0.993 p = 0.055 
WML Expansion (%/y) p = 0.024 p = 0.666 p = 0.136 p = 0.024  

Post-hoc Testing  

≤50s vs 60s ≤50s vs 70s ≤50s vs ≥ 80s 60s vs 70s 60s vs ≥ 80s 70s vs ≥ 80s 

TBV (%) 2.62, p = 0.079 3.77, p = 0.003 6.66, p < 0.001 1.15, p = 0.281 4.04, p < 0.001 2.89, p = 0.008 
CSF (%) 2.62, p = 0.079 3.77, p = 0.003 6.66, p < 0.001 1.15, p = 0.281 4.04, p < 0.001 2.89, p = 0.008 
WML (%) 0.25, p = 0.368 0.35, p = 0.093 0.80, p < 0.001 0.10, p = 0.652 0.55, p < 0.001 0.45, p = 0.021 
TBV Atrophy (%/y) 0.26, p = 0.756 0.37, p = 0.513 0.81, p ¼ 0.043 0.11, p = 0.883 0.55, p ¼ 0.049 0.44, p = 0.109 
WML Expansion (%/y) 8.60, p = 0.092 8.98, p = 0.055 11.66, p ¼ 0.023 0.38, p = 0.900 3.06, p = 0.671 2.68, p = 0.705  
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longitudinal biomarker measurements as a function of cognitive label 
can be seen in Fig. 3. With increasing cognitive impairment, TBV 
decreased while WML and CSF volumes increased. Similarly, for the 
longitudinal biomarkers, the rates of atrophy, CSF expansion and WML 
expansion increased with worse cognitive outcome. 

ANCOVA analysis (with age, sex, scanner, and center as covariates) 
in Table 6 showed significant differences (p < 0.05) between disease 
classifications for all cross-sectional biomarkers, with age, sex, and 
scanner typically having an effect. Post-hoc testing of TBV, CSF, and 
WML volume showed significant differences (p < 0.01) when AD was 

Fig. 3. Distributions of cross-sectional and longitudinal biomarkers in ADNI versus disease classification.  
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one of the cognitive categories. Disease was found to have an effect (p <

0.05) for all longitudinal biomarkers, with age and scanner often having 
effects. Post-hoc testing showed significant differences (p < 0.01) be-
tween all classifications with respect to atrophy. Regarding CSF 
expansion, post-hoc testing only showed significant differences for CN 
versus AD (p = 0.003). Post-hoc testing of WML expansion found dif-
ferences for all comparisons except for MCI versus AD (p = 0.900). For 
all biomarkers, the acquisition center did not have an effect. 

Correlation plots between subject age and cross-sectional biomarkers 
can be found in Fig. D (Appendix). Significant (p < 0.05) negative cor-
relations were found between TBV and age for all subjects (r = −

0.62), men (r = − 0.66), and women (r = − 0.57). The same trends 
were observed between CSF volumes and age but with positive corre-
lations. Significant (p < 0.05) positive correlations were found between 
WML volume and age for all subjects (r = 0.38), men (r = 0.36), and 
women (r = 0.42). 

3.4. CCNA analysis 

Analysis of CCNA included ANCOVA to examine differences in 
biomarker means across disease categories and correlation analysis with 
subject age. The distribution of cross-sectional biomarker measurements 
as a function of disease classification can be seen in Fig. 4. There was 
decreasing TBV volume with worse cognitive diagnosis with a corre-
sponding increase in WML and CSF volumes. The TBV and CSF volumes 
for V-MCI on average had intermediate values between MCI and AD. 
However, the WML loads were highest in the V-MCI group. 

ANCOVA results between disease groups (with age, sex, scanner, and 
center as covariates) are summarized in Table 7. Significant differences 
(p < 0.05) were found between disease groups for all cross-sectional 
biomarkers, with age, sex, and scanner also having significant effects 
(except for WML volume). Post-hoc testing of TBV and CSF volume 
showed significant differences (p < 0.01) between all cognitive di-
agnoses. For WML volume, post-hoc testing only revealed differences 
(p < 0.01) when V-MCI was one of the groups. 

Correlation plots between subject age and cross-sectional biomarkers 
can be found in Fig. E of the Appendix. Significant (p < 0.05) negative 
correlations were found between TBV and age for all subjects (r = −

0.56), men (r = − 0.55), and women (r = − 0.53). The same trends 
were observed for correlations between CSF volumes and age but with 
positive correlations. Significant (p < 0.05) positive correlations were 
found between WML volume and age for all subjects (r = 0.40), men 
(r = 0.39), and women (r = 0.40). 

3.5. Biomarker comparison 

Table 8 contains the literature estimates for TBV and WML change, as 
well as those found by the FLAIR-only biomarkers in this work. Note that 
literature estimates were only found for ventricle (CSF) change which 
does not apply to the whole CSF compartment measurement in this 
work, so only TBV and WML change were compared. Trends in the 
longitudinal biomarkers (see Table 4, Fig. B) were comparable to those 
found in the literature (see Section 2.4). For instance, in (Seghier et al., 
2014), a T1-based study, TBV atrophy and WML expansion in CVD 
populations were reported at − 0.95%/year and 6.8%/year, respec-
tively. In the CVD dataset (CAIN) analyzed in this work, the mean annual 
rates of TBV atrophy and WML expansion were measured to be 
− 0.69%/year and 7.07%/year, respectively. Another study utilizing T1 
and FLAIR sequences to measure WML expansion reported rates 
exceeding 10%/year in AD patients (Stephen et al., 2019). In this work, 
findings were similar with WML expansion rates of 10.9%/year for MCI 
and 11.54%/year for AD in the ADNI cohort. For atrophy comparisons, 
TBV atrophy in the CN cohort was slightly higher than the range re-
ported in the literature for T1 (− 0.72%/year versus − 0.50%/year) and 
were similar for the MCI (− 1.01%/year versus − 1.05%/year) and AD 
(− 1.84%/year versus − 1.5%/year) groups. Note that for the CAIN 
dataset estimates were on the lower side of the estimates for TBV and 
this may be due to the fact that the cohort was largely cognitively intact. 

4. Discussion 

This is one of the first works that extracts and analyzes cross- 
sectional and longitudinal TBV, CSF, and WML biomarkers using mul-
ticentre, FLAIR-only data for AD and CVD cohorts. The tools to segment 
objects and measure volumetric biomarkers have been previously 
developed and validated on multicentre FLAIR MRI datasets (DiGregorio 
et al., 2021; Khademi et al., 2020; Reiche et al., 2019). It was hypoth-
esized that biomarkers extracted from FLAIR MRI could characterize 
longitudinal changes in TBV, CSF, and WML volume in AD and CVD 
populations similarly to common MR techniques. Comparison to liter-
ature estimates for TBV and WML change show that there are similarities 
between multimodal or T1 approaches, and those obtained with the 
FLAIR sequence in this work. Variation in estimates come from cohort 
differences, differences in mean age/age ranges of the cohorts and dif-
ferences in biomarker extraction tools and methodologies. The cohorts 
are large, highly diverse, and come from several acquisition sites with 
unique imaging parameters. The age ranges varied quite a bit for the 
cohorts, including CAIN that had subjects in their 40s all the way until 
their 90s. Similarly, ADNI was 50–90+ years of age and CCNA had 
subjects between 60 and 80+ years of age. Variability in patient age can 
cause variability in the measurements and can create challenges for 
directly comparing to results from other cohorts with different ages, 
since neurodegeneration manifests differently depending on the age. 

Also note some of the literature estimates have slightly higher WML 
yearly estimates (in mL/year) and lower % changes for some of the 
groups (CVD, MCI). Although much of this is likely related to cohort 
differences, some may be related to the fact that using other modalities 
for WML quantification is more susceptible to false positives which can 
inflate volume estimates (whereas FLAIR alone is shown to reduce FP 
rates (Narayana et al., 2020)). Despite variations in literature estimates, 
multiple studies have shown the same trend of increased TBV atrophy, 
CSF expansion, and WML expansion in AD subjects compared to healthy 
controls, with MCI groups having intermediate measurements (Dickie 
et al., 2016a,b; Evans et al., 2010; Jouvent et al., 2010). Ischemic disease 

Table 6 
ANCOVA results for cross-sectional and longitudinal biomarkers in ADNI be-
tween disease categories with age, sex, scanner, and center as covariates. Re-
ported as p-values (α = 0.05) where bold indicates significance. Post-hoc testing 
is reported as effect size (difference in means), p-value.  

ANCOVA  

Disease Age Sex Scanner Center 

TBV (%) p < 0.001 p < 0.001 p < 0.001 p < 0.001 p =

0.464 
CSF (%) p < 0.001 p < 0.001 p < 0.001 p < 0.001 p =

0.464 
WML (%) p =

0.006 
p < 0.001 p = 0.107 p =

0.002 
p =

0.975 
TBV Atrophy 

(%/y) 
p < 0.001 p =

0.022 
p = 0.417 p =

0.002 
p =

0.989 
CSF Expansion 

(%/y) 
p =

0.003 
p = 0.929 p = 0.112 p = 0.071 p =

0.550 
WML Expansion 

(%/y) 
p =

0.003 
p = 0.378 p = 0.297 p =

0.029 
p =

0.838  

Post-hoc Testing  

CN vs MCI CN vs AD MCI vs AD 

TBV (%) 0.52, p = 0.211 4.6, p < 0.001 4.1, p < 0 .001 
CSF (%) 0.52, p = 0.211 4.6, p < 0.001 4.1, p < 0 .001 
WML (%) 0.03, p = 0.772 0.24, p ¼ 0.001 0.21, p ¼ 0.004 
TBV Atrophy (%/y) 0.285, p ¼ 0.024 1.12, p < 0.001 0.83, p < 0.001 
CSF Expansion (%/y) 0.95, p = 0.077 1.67, p ¼ 0.003 0.72, p = 0.185 
WML Expansion 

(%/y) 
5.33, p ¼ 0.004 5.89, p ¼ 0.003 0.56, p = 0.900  
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cohorts have been characterized by greater lesion presence and accel-
erated brain tissue loss following a vascular event compared to healthy 
controls (Seghier et al., 2014). This concurred with our ANCOVA testing 
which revealed all biomarkers to be statistically different between co-
horts while controlling for demographic (age, sex) and acquisition fac-
tors (scanner, center). Rates of TBV atrophy, CSF expansion, and WML 
expansion all increased with worsening cognitive classifications and 
post-hoc testing consistently differentiated between healthy and AD 
patients. Our results suggest that FLAIR can independently be used to 
obtain longitudinal biomarkers from CVD and AD cohorts. 

FLAIR-derived biomarkers also provided insight into AD and CVD 
disease characterization. For correlations between TBV and CSF with 
age, stronger correlation coefficients were reported for men. This may 
indicate a more prominent rate atrophy in men compared to women 

which concurs with the literature (Chan et al., 2003). Correlations be-
tween age and TBV were also stronger in the two dementia cohorts 
(ADNI and CCNA) than in the ischemic cohort (CAIN). This may be 
attributed to the increased rate of cerebral atrophy associated with 
AD-type dementias. Cross-sectional WML volumes were the highest in 
the CAIN and CCNA V-MCI cohorts (see Fig. A), surpassing AD subjects 
in ADNI and CCNA. This aligns with other studies (Evans et al., 2010) 
implying that WML volume is more closely related to vascular disease 
and that atrophy biomarkers may be stronger predictors of AD-type 
dementia in cross-sectional studies. However, rates of WML expansion 
were higher in MCI and AD cohorts than in patients with vascular dis-
ease (CAIN, V-MCI). It has also been found that there is a significant 
increase in WML progression up to a decade before the onset of MCI 
(Silbert et al., 2009). This implies that analysis of WML may be a better 

Fig. 4. Distributions of cross-sectional biomarkers in CCNA versus disease classification.  
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indicator of disease progression and can be used to determine the 
intervention window compared to cognitive testing. Also notable, was 
the fact that CSF expansion rates were higher in CAIN vascular disease 
subjects than in MCI (see Fig. B), which may indicate that vascular risk 
factors are also linked to atrophy. Recent evidence is pointing towards a 
“two-hit” vascular hypothesis for AD and vascular disease, where hit one 
includes CVD risk factors that lead to blood brain barrier dysfunction 
and reduced cerebral blood flow that precedes dementia, followed by hit 
two caused by an increase in beta-amyloid amplifying neuronal 
dysfunction, neurodegeneration and disease (Lamar et al., 2020). In 
(Meng et al., 2017), the authors suggest that vascular and neurodegen-
erative pathological processes have a supra-additive effect on cognitive 
performance. Perhaps these biomarkers are demonstrating this effect. In 
the future, further investigation into the differences (and similarities) 
across biomarker profiles for vascular disease and dementia will be 
conducted. 

Deviations in biomarker measurements can likely be attributed to 1) 
differences in contrast mechanisms between FLAIR and T1 MRI se-
quences, 2) measurement error and 3) cohort differences. Imaging 
techniques and tissue characteristics differ between FLAIR and T1 which 
creates differences in volumetric biomarkers from the two sequences. 
For example, CSF spaces can appear smaller in FLAIR than in T1 since 
the CSF signal is nulled (Narayana et al., 2020; Soltanian-Zadeh and 
Peck, 2001). Since most studies utilize T1 data, there could be a bias 
towards T1-based measurements. Also, the slice thickness of FLAIR MRI 
is often higher than in T1, creating another source of measurement 
difference. Despite these differences, there is a strong similarity between 
FLAIR measurements found in this work, and those found in the 

literature. As with any automated biomarker study, measurement errors 
are a source of limitation. First, if there is insufficient time between 
follow-up scans it may be difficult to elucidate subtle changes to tissue 
volumes (Narayanan et al., 2020). Adequate time between scans 
((Narayanan et al., 2020) reports at least 1 year) is necessary for the 
anatomical changes to be larger than measurement error. If this is not 
the case, there can be positive TBV atrophy, or negative CSF expansion 
which has also been found in other studies using popular brain tissue 
measurement tools (Evans et al., 2010; Scahill et al., 2003; Storelli et al., 
2018). These effects are less noticeable in mean trends especially for 
large datasets, such as the one used in this work. There is also a strong 
dependency on relative brain position in the scanner (Narayanan et al., 
2020). Small changes to subject’s head location during follow-up scans 
can induce measurement error and dilute the ability to detect subtle 
changes. These challenges can be seen in Table A of the Appendix where 
a negative annual rate of change in WML volumes for subjects in their 
50s and younger was found. Compared to the other age groups, mean 
WML volumes for this group are substantially lower, indicating smaller 
and possibly harder to detect lesions. Small lesion segmentation is a 
known challenge of WML segmentation algorithms and future works 
could aim at improving this aspect of performance. Small lesions in the 
deep WM or subcortical regions may have different etiological origins 
(Debette and Markus, 2010; Wardlaw et al., 2015) and should not be 
missed. Additionally, the sample size in this cohort (≤50s) was small 
making measurement error more noticeable. In the future, we plan to 
examine WML lesion loads in a normative population to analyze trends 
and these effects further. While sources of measurement error can dilute 
the signal, the biomarkers strongly resemble known trends across 
neurodegenerative and vascular disease populations supporting the use 
of FLAIR for WML, TBV and CSF volume measurement. There are also 
differences between the cohorts analyzed in this work, and those found 
in the literature. The mean age of the FLAIR datasets differed in com-
parison to many of the studies referenced, which could impact disease 
progression measurements, since older subjects are more susceptible to 
rapid aging. 

There are significant advantages of using a single modality for 
multiple biomarkers. While measurement error is closely related to 
strength of biomarker extraction methodology, a single modality can 
help keep measurement variability in a specific range and better eluci-
date more subtle patterns between diseases and cognitive conditions. 
The intensity standardization (preprocessing) is the same for both ICV 
and WML segmentation, and U-Net (Ronneberger et al., 2015) variants 
were used to segment both tissues which have similar generalization 
capabilities and performance. Therefore, the measurement variability is 
similar across biomarkers and could lead to better comparisons. Tech-
nically, the barriers to integrating AI tools in clinical workflows would 
be less for a single sequence as well. FLAIR MRI is routinely used, and 
such tools can automatically measure biomarkers and populate reports 
while providing visualization of biomarker values as compared to lon-
gitudinal and cross-sectional trends from the population. Future work 
may include deep-learning based TBV and CSF biomarker detection, 
enhanced lesion segmentation for fine lesions and analysis that exam-
ines the relationship of the proposed cross-sectional and longitudinal 
FLAIR-MRI biomarkers with respect to vascular risk factors and other 
clinical data. To further boost the validity of FLAIR-derived AD and CVD 
biomarkers, future works could include the implementation of a pre-
dictive classifier that uses biomarkers as features for estimating disease 
or cognitive group. Perhaps such analysis could uncover neuroanatom-
ical profiles that differentiate between vascular and AD-type neuro-
degeneration in the brain, such that patients can be stratified into 
homogeneous groups for clinical trials, or for mechanistic understanding 
of disease etiology. 

5. Conclusion 

In this work, algorithms designed for neurological FLAIR MRI were 

Table 7 
ANCOVA results for cross-sectional biomarkers in CCNA between disease cate-
gories with age, sex, scanner, and center as covariates. Reported as p-values (α =
0.05) where bold indicates significance. Post-hoc testing is reported as effect size 
(difference in means), p-value.  

ANCOVA  

Disease Age Sex Scanner Center 

TBV (%) p < 0.001 p < 0.001 p = 0.004 p = 0.003 p = 0.336 
CSF (%) p < 0.001 p < 0.001 p = 0.004 p = 0.003 p = 0.336 
WML (%) p =

0.009 
p < 0.001 p = 0.595 p = 0.250 p = 0.919  

Post-hoc Testing  

SCI vs 
MCI 

SCI vs SCI vs 
AD 

MCI vs 
V-MCI 

MCI vs 
AD 

V-MCI vs 
AD 

TBV 
(%) 

1.79, p 
¼ 0.029 

4.55, p 
< 0.001 

6.33, p 
< 0.001 

2.49, p 
< 0.001 

4.54, p 
< 0.001 

2.05, p 
¼ 0.028 

CSF 
(%) 

1.78, p 
¼ 0.029 

4.27, p 
< 0.001 

6.32, p 
< 0.001 

2.49, p 
¼ 0.009 

4.54, p 
< 0.001 

2.05, p 
¼ 0.028 

WML 
(%) 

0.02, p 
= 0.900 

1.32, p 
< 0.001 

0.05, p 
= 0.900 

1.34, p 
< 0.001 

0.07, p 
= 0.900 

1.27, p 
< 0.001  

Table 8 
Comparison between literature estimates and mean FLAIR measurements for 
TBV and WML volume change.  

Biomarker Disease Literature Estimates Our Estimate Dataset 

TBV Change CVD − 0.95%/year − 0.69%/year CAIN 
CN − 0.27%/year to − 0.50%/year 

− 7.35 mL/year 
− 0.72%/year 
− 8.13 mL/year 

ADNI 

MCI − 0.98%/year to − 1.05%/year 
− 8.71 mL/year 

− 1.01%/year 
− 11.71 mL/year 

ADNI 

AD − 1.50%/year − 1.84%/year ADNI 
WML Change CVD 6.80%/year 

1.59–3.96 mL/year 
7.07%/year 
0.68 mL/year 

CAIN 

CN 0.23–1.33 mL/year 0.42 mL/year ADNI 
MCI 6.5%/year 

2.4 mL/year 
10.97%/year 
0.65 mL/year 

ADNI 

AD 7–11.6%/year 11.54%/year ADNI  
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used to measure cross-sectional and longitudinal biomarkers in large 
multicenter, AD and CVD datasets. Biomarkers were related to volumes 
of the GM and WM (TBV), CSF spaces, and WML and results aligned with 
known trends typically gleaned from T1-based analysis. There were 
significant differences across cognitive diagnosis groups for the de-
mentia cohorts (ADNI and CCNA) and differences across age groups in 
CAIN for cross-sectional and longitudinal biomarkers while controlling 
for demographic and acquisition variables. Assuming the availability of 
validated biomarker extraction methodology, these results demonstrate 
that FLAIR alone can be used for end-to-end analysis of AD and CVD 
datasets, which can reduce acquisition costs, ease clinical translation, 
and reduce measurement error associated with multi-modal analysis 
approaches. 
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Fig. A. Bar plots of mean cross-sectional biomarkers per database and cohort with standard deviation shown as error bars.   
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Fig. B. Bar plots of mean longitudinal biomarkers per database and cohort with standard deviation shown as error bars.   

Table A 
Summary of ICV normalized CAIN biomarkers organized by age group for all subjects, men, and women. Shown as mean ± standard deviation.   

≤50s 60s 70s ≥80s 

All M F All M F All M F All M F 

# Subjects 32 17 15 135 86 49 180 108 72 53 32 21 

TBV (%) 88.84 ±
4.05 

88.26 ±
4.32 

88.74 ±
3.85 

85.87 ±
4.59 

85.08 ±
4.81 

87.25 ±
3.87 

84.71 ±
6.02 

84.51 ±
5.23 

85.07 ±
7.23 

81.82 ±
6.99 

80.54 ±
7.58 

83.92 ±
5.45 

CSF (%) 11.51 ±
4.05 

11.73 ±
4.32 

11.25 ±
3.85 

14.12 ±
4.59 

14.91 ±
4.81 

12.74 ±
3.87 

15.28 ±
6.02 

15.48 ±
5.23 

14.92 ±
7.23 

18.17 ±
6.99 

19.45 ±
7.58 

16.07 ±
5.45 

WML (%) 0.43 ±
0.53 

0.56 ±
0.67 

0.28 ±
0.14 

0.68 ±
0.76 

0.66 ±
0.76 

0.71 ±
0.75 

0.78 ±
0.70 

0.82 ±
0.76 

0.71 ±
0.58 

1.23 ±
1.11 

1.12 ±
1.01 

1.41 ±
1.26 

TBV Atrophy 
(%/year) 

− 0.32 ±
1.02 

− 0.61 ±
1.01 

− 0.03 ±
1.03 

− 0.58 ±
1.02 

− 0.65 ±
1.01 

− 0.48 ±
1.03 

− 0.69 ±
1.02 

− 0.69 ±
1.01 

− 0.69 ±
1.03 

− 1.13 ±
1.01 

− 0.80 ±
1.01 

− 1.48 ±
1.03 

CSF Expansion 
(%/year) 

2.86 ±
5.46 

4.16 ±
5.13 

1.57 ±
5.94 

3.54 ±
5.46 

3.58 ±
5.14 

3.47 ±
5.94 

3.55 ±
5.46 

3.19 ±
5.14 

4.27 ±
5.94 

4.79 ±
5.46 

3.15 ±
5.13 

6.54 ±
5.94 

WML Expansion 
(%/year) 

− 1.59 ±
13.46 

− 7.91 ±
13.75 

4.73 ±
13.05 

7.01 ±
13.46 

6.41 ±
13.75 

7.86 ±
13.06 

7.39 ±
13.47 

8.23 ±
13.75 

5.66 ±
13.05 

10.07 ±
13.46 

7.57 ±
13.75 

12.73 ±
13.05   
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Fig. C. Correlations between cross-sectional biomarkers and age for all subjects, men, and women within the CAIN dataset.   
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Fig. D. Correlations between cross-sectional biomarkers and age for all subjects, men, and women within the ADNI dataset.   
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Fig. E. Correlations between cross-sectional biomarkers and age for all subjects, men, and women within the CCNA dataset.   
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Fig. F. Distributions of scans across acquisition centers for each clinical dataset.   

Table B 
Distribution of residuals of CAIN biomarkers from each ANCOVA model. Levene’s test for equality of variances (null hy-
pothesis that variances are equal) was conducted between age groups using a significance level of α = 0.05.  

Biomarker Distribution of Residuals Levene test (statistic, p-value) 

TBV (%) 2.52, p = 0.08 

CSF (%) 2.35, p = 0.07 

WML (%) 2.41, p = 0.06 

(continued on next page) 
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Table B (continued ) 

Biomarker Distribution of Residuals Levene test (statistic, p-value) 

TBV Atrophy (%/y) 2.13, p = 0.09 

CSF Expansion (%/y) 1.17, p = 0.32 

WML Expansion (%/y) 0.93, p = 0.43   

Table C 
Distribution of residuals of ADNI biomarkers from each ANCOVA model. Distribution of residuals was derived from each 
biomarker’s ANCOVA model. Levene’s test for equality of variances (null hypothesis that variances are equal) was conducted 
between disease classifications using a significance level of α = 0.05.  

Biomarker Distribution of Residuals Levene test (statistic, p-value) 

TBV (%) 1.06, p = 0.35 

CSF (%) 1.06, p = 0.35 

(continued on next page) 

J. DiGregorio et al.                                                                                                                                                                                                                             



Neuroimage: Reports 2 (2022) 100091

18

Table C (continued ) 

Biomarker Distribution of Residuals Levene test (statistic, p-value) 

WML (%) 2.36, p = 0.09 

TBV Atrophy (%/y) 2.95, p = 0.05 

CSF Expansion (%/y) 1.63, p = 0.20 

WML Expansion (%/y) 2.95, p = 0.05   
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Table D 
Distribution of residuals of CCNA biomarkers from each ANCOVA model. Distribution of residuals was derived 
from each biomarker’s ANCOVA model. Levene’s test for equality of variances (null hypothesis that variances 
are equal) was conducted between disease classifications using a significance level of α = 0.05.  

Biomarker Distribution of Residuals Levene test (statistic, p-value) 

TBV (%) 0.65, p = 0.58 

CSF (%) 0.65, p = 0.58 

WML (%) 0.04, p = 0.98  
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