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ARTICLE INFO ABSTRACT

Keywords: Mild cognitive impairment (MCI) is the prodromal phase of Alzheimer’s disease (AD) and while it presents as an
FLAIR MRI imperative intervention window, it is difficult to detect which subjects convert to AD (cMCI) and which ones
Biomarkers

remain stable (sMCI). The objective of this work was to investigate fluid-attenuated inversion recovery (FLAIR)
MRI biomarkers and their ability to differentiate between sMCI and cMCI subjects in cross-sectional and lon-
gitudinal data. Three types of biomarkers were investigated: volume, intensity and texture. Volume biomarkers
included total brain volume, cerebrospinal fluid volume (CSF), lateral ventricular volume, white matter lesion
volume, subarachnoid CSF, and grey matter (GM) and white matter (WM), all normalized to intracranial volume.
The mean intensity, kurtosis, and skewness of the GM and WM made up the intensity features. Texture features
quantified homogeneity and microstructural tissue changes of GM and WM regions. Composite indices were also
considered, which are biomarkers that represent an aggregate sum (z-score normalization and summation) of all
biomarkers. The FLAIR MRI biomarkers successfully identified high-risk subjects as significant differences (p <
0.05) were found between the means of the sMCI and cMCI groups and the rate of change over time for several
individual biomarkers as well as the composite indices for both cross-sectional and longitudinal analyses.
Classification accuracy and feature importance analysis showed volume biomarkers to be most predictive,
however, best performance was obtained when complimenting the volume biomarkers with the intensity and
texture features. Using all the biomarkers, accuracy of 86.2 % and 69.2 % was achieved for normal control-AD
and sMCI-cMCI classification respectively. Survival analysis demonstrated that the majority of the biomarkers
showed a noticeable impact on the AD conversion probability 4 years prior to conversion. Composite indices
were the top performers for all analyses including feature importance, classification, and survival analysis. This
demonstrated their ability to summarize various dimensions of disease into single-valued metrics. Significant
correlation (p < 0.05) with phosphorylated-tau and amyloid-beta CSF biomarkers was found with all the FLAIR
biomarkers. The proposed biomarker system is easily attained as FLAIR is routinely acquired, models are not
computationally intensive and the results are explainable, thus making this pipeline easily integrated into clinical
workflow.
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1. Introduction

Alzheimer’s disease (AD) is the most common type of dementia
(Alzheimer’s Association. , 2023) and causes a rapid decrease in
cognition and memory over time (Mayeux and Stern, 2012). AD prev-
alence is expected to increase to 1 in 85 persons across the world by
2050 (Brookmeyer et al., 2007); demonstrating the urgency in identi-
fying high-risk individuals early during the prodromal stage of AD,
known as mild cognitive impairment (MCI) (Thung et al., 2018)
(Petersen, 2004). MCl is characterized by abnormal changes in cognitive
domains that have not reached the severity of AD. >50 % of individuals
diagnosed with MCI will further progress to AD within 5 years (Gauthier
et al., 2006) and this phase presents an imperative intervention window.
MCI subjects that convert to AD are referred to as converting MCI (cMCI)
as opposed to stable MCI (sMCI) subjects that have cognitive issues but
do not progress to AD. Identifying cMCI individuals could select candi-
dates for early treatment and also for patient stratification in large
clinical trials. One of the most common causes of failure within AD
treatment trials is the incorrect selection and grouping of subjects
(Marinescu et al., 2020). Increasing the homogeneity of the cohort
within clinical trials can help address this issue.

For objective and efficient patient monitoring and stratification,
imaging biomarkers automatically mea- sured from magnetic resonance
imaging (MRI) of the brain can be used. Image analysis and machine
learning techniques have huge potential for identifying early signs of
AD. Previous studies used biomarkers from T1- weighted MRI such as
cortical thickness and hippocampal volume to detect AD subjects as well
as cMCI subjects (Thung et al., 2018) (Moscoso et al., 2019) (Tong et al.,
2017) (Eskildsen et al., 2013). Sorensen et al. used linear discriminant
analysis and T1-weighted MRI biomarkers to classify between sMCI and
c¢MCI with an accuracy of 63 % (Sgrensen et al., 2014). Tong et al. used
T1-weighted MRI intensity features to achieve an normal control (NC) vs
AD classification accuracy of 73 % and an accuracy of 69 % when
classifying between sMCI and cMCI (Tong et al., 2017). MRI-based brain
atrophy measurements, such as hippocam- pal volume, had the strongest
relationship with cognitive decline (Jack et al., 2010) (Vemuri et al.,
2009) (Vemuri et al., 2009) and play an important role in predicting
conversion to AD (Jack et al., 2010) (Frisoni et al., 2010).

Other methods explored multi-modal inputs for automated classifi-
cation of dementia groups. Korolev et. al used probabilistic pattern
classification with T1-weighted MRI, plasma biomarkers, clinical vari-
ables, and cognitive measures to achieve an sMCI-cMCI classification
accuracy of 80 % (Korolev et al., 2016). Davatzikos et. al used T1-
weighted MRI and cerebrospinal fluid (CSF) biomarkers to classify be-
tween sMCI and cMCI and achieved an overall accuracy of 62 %
(Davatzikos et al., 2011). Deep learning has also become a popular so-
lution for cognitive classification and disease prediction (Duc et al.,
2020) (Jo et al., 2019) (Lee et al., 2019) (Li et al., 2019) (Spasov et al.,
2019). For example, Cheng et. al implemented transfer learning using
T1-weighted MRI, positron emission tomography (PET), and CSF bio-
markers and achieved a classification accuracy of 79 %. PET imaging
offers unique insights as it provides information on amyloid-beta that is
very useful in diagnosing AD. In the work by Cheng and colleagues,
comparatively high classification accuracy was achieved but using
multi-modal inputs is very expensive and it is much less likely to have
access to these images. CSF blood biomarkers have been used alone for
cognitive classification and predicting MCI to AD conversion (Palmqvist
et al., 2012) (Caminiti, 2018) (Davatzikos et al., 2011); but studies have
shown that while CSF tau, a common CSF biomarker, is accurate in
quantifying neuronal injury and neurodegeneration, it does not neces-
sarily predict the onset of AD (Jack et al., 2010) (Hesse et al., 2001)
(Schoonenboom et al., 2012). Other studies have also used demographic
information (age, sex, education) as well as cognitive scores (e.g., ADAS,
MMSE, CDR-SB) to classify between cognitive groups (Korolev et al.,
2016) (Gaser et al., 2013) (Inglese et al., 2022). All existing technologies
have been designed and tested on a single dataset.
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This is the first work that investigates the clinical utility of FLAIR
biomarkers for differentiating between sMCI and ¢MCI in three large
multicentre dementia cohorts. Twelve biomarkers related to intensity,
tex- ture, and volumes of objects in the brain are extracted from three
cross-sectional and longitudinal dementia cohorts using fully-automated
and validated algorithms. A composite index is also explored, which is
the normalized sum of biomarkers into a single-valued metric. Unlike
most previous works that focus on T1- MRI in only cross-sectional data,
this work brings new knowledge about FLAIR biomarkers in a large-
scale neuroimaging dataset. FLAIR sequences highlight white matter
disease and white matter lesions (WML) related to many neurological
disorders (DiGregorio et al., 2022) (Khademi et al., 2021) (Rocca et al.,
2016); cognitive impairment, age, and CSF-biomarkers (DiGregorio
et al., 2022) (Bahsoun et al., 2022) (Crystal et al., 2022) (Chan et al.,
2022) (Chan et al., 2022). As a result, FLAIR MRI is routinely acquired in
clinical settings and FLAIR biomarkers have high translation potential.

Several types of analyses were conducted to examine the clinical
utility of FLAIR biomarkers in differ- entiating between sMCI and cMCI
subjects. First, statistical analysis was perform to test for significant
differences between biomarkers across cognitive groups were tested in
both cross-sectional and longitudinal data using ANOVA and regression.
Second, the predictive capacity of FLAIR biomarkers were examined by
designed a machine learning classifier to predict cognitive label based
on the biomarkers. Feature importance for the sMCI vs cMCI classifi-
cation was performed using Shapley (SHAP) feature analysis. SHAP
feature importance was used to determine the most important features
as well as to develop biomarker thresholds between groups. Lastly,
survival analysis was conducted to determine if FLAIR biomarkers
significantly impact the AD conversion probability.

2. Materials and methods
2.1. Cohorts

Three multi-centre cohorts were used in this work: 1) The Alz-
heimer’s Disease Neuroimaging Initiative (ADNI) is an international
dataset with longitudinal imaging for studying AD and dementia disease
(n = 978 subjects) (Jack et al., 2008). 2) The Canadian Consortium on
Neurodegeneration in Aging (CCNA) is a cross-sectional pan- Canadian
study for the investigation of different types of dementia, including
Alzheimer’s disease, vascular dementia, frontotemporal dementia, and
Lewy body dementia (n = 369 subjects) (Chertkow et al., 2019)
(Mohaddes et al., 2018). 3) The Ontario Neurodegenerative Disease
Research Initiative (ONDRI) dataset is a dementia cohort and subjects
with NC, sMCI, cMCI, and AD cognitive labels were used (n = 509
subjects) (Farhan et al., 2017). All subjects with FLAIR imaging and
available Montreal Cognitive Assessment (MoCA) scores were used. See
Table 1 for patient breakdown.

2.2. MR imaging

FLAIR MRI images were acquired from 77 centres worldwide, on
1.5/3T machines from GE, Siemens and Philips. Pixel spacing is 0.4285
mm-1.2 mm, TR: 2250-11000 ms, TE: 90-200 ms, TI: 2200-16500 ms.
Table 1 summarizes the acquisition parameters for each of the datasets.

2.3. Cognitive labeling

MoCA was used to label subjects as NC (MoCA > 26), MCI (19 <
MoCA < 25), or AD (MoCA < 18). The MCI group was subdivided into
stable MCI (sMCI) and converting MCI (cMCI) based on whether they
converted to AD or not. For cross-sectional analyses, an MCI subject was
considered cMCI if their MoCA score progressed from the MCI range to
the AD range. Only the scan immediately prior (approximately 1 year) to
AD conversion was labeled ¢cMCI and used for the analysis. If a subject
remained within the MCI MoCA range for all time points, they were
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Table 1

FLAIR MRI datasets. All data is acquired at 1.5/3T and 3-5 mm slice thickness.
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Patient Information

Patients Centres Age + SD (years)
978 58 73.75 £7.35
369 19 72.68 + 7.31
509 17 68.59 + 7.68
1856 77 72.67 +£7.68

Acquisition Parameters

Database Disease Volumes Images
ADNI Dementia 3072 117523
CCNA Dementia 361 17802
ONDRI Dementia 1388 66659
Total Dementia 4821 201983
Database GE/Philips/Siemens TR (ms) TE (ms)
ADNI 769/571/1732 9000-11000 90-154
CCNA 30/59/272 9000-11000 117-150
ONDRI 684/17/687 2250-10000 120-200
Total 1483/647/2691 2250-11000 90-200

TI (ms) X Spacing (mm) Y Spacing (mm)
2250-2500 0.8594 0.8594
2200-2800 0.4285-1 0.4285-1
2250-16500 0.92-0.94 0.89-0.94
2200-16500 0.4295-1.2 0.4295-1.2

labeled sMCI. For longitudinal analysis, subjects labeled MCI that con-
verted to AD in later scans, were assigned a cMCI label for up to 6 years
prior to AD conversion (based on the available data). All scans after
progressing to AD were considered AD. The cMCI label was assigned to
all scans of subjects before conversion (compared to cross-sectional
analysis, which defined ¢cMCI scans as only the scan 1 year before con-
version). Time points for longitudinal cMCI scans were normalized
about the conversion point, therefore visit number 5 represents 1 year
before converting to AD and all preceding time points represent scans
further in the past. See Table 2 for a breakdown of the sample sizes for
the cross-sectional (N = 1356) and longitudinal (N = 4707) analyses
broken down by cognitive group. For training AD/NC models, the
number of NC and AD was balanced. To avoid issues with variance and
class imbalance, the number of sMCI samples was balanced with the
number of cMCI samples through random sampling.

2.4. Biomarker measurement

FLAIR MRI volumes underwent bias field correction and intensity
standardization to align intensity ranges of each tissue across datasets
(Reiche et al., 2019). Intracranial volume (ICV) segmentation was per-
formed using a Mul- tiResUNet convolutional neural network (CNN) to
extract brain tissue (DiGregorio et al., 2021). Total brain volume (TBV)
and CSF were segmented by thresholding the intensity standardized
volumes (Reiche et al., 2019). A skip connection U-Net CNN was used to
segment WMLs (Khademi et al., 2021) and the normal-appearing brain
matter (NABM), defined as the WM and GM, was detected by subtracting
CSF and WML masks from the ICV. Dataset-specific fine-tuned 2D-UNet
CNNs were used to segment the lateral ventricular volume (LVV)
(Crystal et al.,, 2023). Subarachnoid CSF (Sub CSF) was found by
calculating the difference between the CSF and LVV masks. Volumes
from each of the structures were computed, and normalized by ICV to
account for varying head size (Hansen et al., 2015) (Nordenskjold et al.,
2013). In total there are six volume biomarkers and Fig. 1 shows
example segmentations. To complement the volume biomarkers, three
FLAIR texture features, and three FLAIR intensity features from the
NABM region were included. The texture features are previously
designed biomarkers called macrostructural damage (MAD), micro-
structural damage (MID), and microstructural integrity, which were
computed based on local binary patterns and spatial correlation of in-
tensities within small regions (Khademi et al., 2009). MAD measures the
local structural changes and edge content (Bahsoun et al., 2022). MID

Table 2
Dataset for cross-sectional and longitudinal analyses.

Dataset Cross-Sectional Longitudinal

NC AD sMCI cMCI NC sMCI cMCI AD
ADNI 376 376 62 62 1059 388 161 1707
ONDRI 165 165 27 27 573 155 27 637
CCNA 38 48 - - - - - -
Total 589 589 89 89 1632 543 188 2344

summarizes smaller, variations within the NABM. Integrity measures the
homogeneity of the NABM (Bahsoun et al., 2022). The NABM intensity
features are mean intensity, skewness (lack of symmetry in the intensity
distribution), and kurtosis (how peaked the intensity distribution is).
Fig. 2 shows example texture features.

To reduce dimensionality, we propose composite indices, which
combines biomarkers into a single-valued metric for each subject. Each
biomarker was z-score normalized with respect to the mean and stan-
dard deviation of the NC group for that biomarker. Biomarkers were
then grouped based on their trends with worsening cognitive state/
neurodegeneration: increasing or decreasing (Bahsoun et al., 2022)
(DiGregorio et al., 2021). The increasing and decreas- ing biomarkers
are listed in Table 9. Z-score normalized biomarkers were added
together for the increasing and decreasing biomarkers separately,
yielding a z-score increasing composite index (ZSI) and a z-score de-
creasing composite index (ZSD) respectively.Table 10.

2.5. Statistical analysis

Intensity, texture, and volume biomarkers were extracted from all
imaging volumes and two types of statis- tical analyses were performed.
First, ANOVA and Tukey’s posthoc were used to compare biomarker
means between cognitive groups with effect sizes determined by
computing Cohen’s d. This was done using the cross sectional data
shown in Table 2. Biomarkers with significantly different means be-
tween sMCI and cMCI groups were retained to compute the cross-
sectional ZSI (Equation (2) and ZSD (Equation (3) compos- ite indices.
The second analysis uses regression to determine differences in longi-
tudinal progression between groups. Biomarkers were computed for all
subjects with available longitudinal data (Table 2). The rate of
biomarker change over serial scans is modeled using linear regression
for each cognitive group using the following equation: Biomarker ~ time
+ diagnosis + time * diagnosis. The interaction term is added to analyze
differences across diagnostic groups over time. Slopes and intercepts for
each group were compared using ANOVA and Tukey’s posthoc analysis
as well as Cohen’s d to examine effect size and practical signif- icance.
Biomarkers with significantly different slopes between sMCI and cMCI
groups are retained to create longitudinal composite indices, ZSI
(Equation (4) and ZSD (Equation (5). Cross-sectional and longitudinal
composite indices were used in the classification and survival analysis
experiments respectively.

2.6. Classification of cognitive label

To examine the predictive capacity of FLAIR biomarkers, automated
classification of the cognitive label is investigated using cross-sectional
data (Table 2). Imaging biomarkers from AD and NC subjects from all
datasets were used to train a random forest classifier (RFC) to classify
between NC vs AD and sMCI vs cMCI. This training setup was motivated
by other successful works that described sMCI as similar to NC and cMCI
as similar to AD, which gives way to a larger training set (NC/AD) and
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Sub CSF

Fig. 1. Example segmentations from three different subjects.

Fig. 2. Texture maps used to compute (each subjects is one column): macro-
structural damage (top row), microstructural damage (middle row), micro-
structural integrity (bottom row).

successful classification between sMCI and ¢cMCI (Tong et al., 2017). An
equal number of NC and AD subjects were randomly selected from the
entire dataset to avoid class imbalance. For NC vs AD classification, a
70/30 train/test data split was used across all datasets and 5-fold cross-
validation was implemented. To examine classification performance
between sMCI vs ¢cMCI, all NC and AD data was used to train the final
model, which was tested on all sMCI and cMCI subjects. Classification
performance was measured using overall classification accuracy (ACC)

and area under the receiver operating curve (AUC).

Using the final classification model, SHAP feature analysis is per-
formed to determine which biomarkers were contributing the most to
classifying between sMCI and ¢cMCI. Feature importance is determined
based on the Shapley value, which is the average of the marginal con-
tributions of each possible feature combination (Nohara et al., 2022).
SHAP analysis is known to be the state-of-the-art feature importance
analysis in terms of explainability as it is known to be more consistent
than ensemble tree methods (Lundberg and Lee, 2017). The SHAP
feature importance is used to generate SHAP dependence plots and
biomarker thresholds.

2.7. Survival analysis

Survival analysis is used to investigate if FLAIR biomarkers show
differences in AD conversion probability between subjects above and
below a specified biomarker threshold. Using the previously computed
SHAP values for each biomarker, SHAP dependence plots are generated
to determine biomarker thresholds (Chan et al., 2023). First, a regres-
sion line is used to model the relationship between biomarker value vs
SHAP value. The biomarker value (x-value) in which the regression line
crosses the y = 0 point is used as the threshold between the sMCI and
cMCI groups.

Using the biomarker thresholds, and the longitudinal data in Table 2,
Kaplan-Meier curves were used to estimate the “survival function” over
time of the threshold-determined groups. In this work, survival refers to
maintaining an MCI diagnosis over time and not converting to AD.
Survival rates of subjects with biomarker values above and below the
thresholds were determined via the Cox Proportional Hazard model.
Significant differences are tested between groups to determine weather
the hazard ratio (HR) is equal to 1 (no difference in survival rate be-
tween groups). Since HR yields a percent change in hazard with one unit
increase of the variable, each biomarker underwent z-score normaliza-
tion. Showing significant differences between the hazard rate of bio-
markers above and below the thresholds would demonstrate the
biomarkers’ ability to distinguish between sMCI and ¢cMCI.
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2.8. Biomarker correlation

To validate the extracted and computed biomarkers, their correlation
with CSF biomarkers and genotypes, that are known as gold standard
indicators of AD and cognitive decline, was investigated cross-
sectionally using the ADNI dataset. Each biomarker’s correlation with
phosphorylated-tau (p-tau) and amyloid-$ (Af) CSF biomarkers and the
APOE4 genotype was measured (Andersson et al., 2008) (DeTure and
Dickson, 2019). Elevated p-tau and reduced levels of Ag in the CSF are
strong characteristics of AD, while the presence of the APOE4 allele is an
established indicator for AD.

3. Results

All 12 vol, texture and intensity FLAIR MRI biomarkers were
extracted from the FLAIR MRI dataset and subjects were labeled as NC,
SMCI, cMCI or AD as in section 2. Analysis was completed on a NVIDIA
GeForce RTX 3090 Ti GPU with 32 GB of RAM. Recall that Table 2
breaks down the number of subjects used for the cross-sectional and
longitudinal analyses. These sample sizes, which were by cognitive
group for each of the three datasets, were based on the exclusion cri-
terias from the original dataset shown in Table.

1. For example, longitudinal volumes from the same subjects were
not used for both testing and training to avoid data leakage, hence the
difference in sample sizes between Table 1 and Table 2 (subjects used for
training were only used for training). Note that only ADNI was used in
the correlation analysis since it was the only dataset that provided the
amyloid-beta, phosphorylated-tau, and APOE4 biomarkers.

3.1. Statistical analysis

Distributions of the volume, texture, and intensity biomarkers over
cognitive groups for all cross-sectional data can be seen in Fig. 9, Fig. 10,
and Fig. 11respectively. These figures show progressively in- creasing
and decreasing patterns over different cognitive labels. To compare
biomarkers between cognitive labels, ANOVA and Tukey’s posthoc
analysis was performed. The results of the sMCI-cMCI comparison are
shown in Table 3 and all comparisons are in Table 11. All biomarkers
except for MID and MAD showed significant differences (p < 0.05)
between sMCI and cMCI. Since MID and MAD did not differentiate be-
tween cMCI and sMCI, these biomarkers were removed and the
remaining biomarkers (TBV, CSF, WML, LVV, SubCSF, Integrity, mean
Intensity, Kurtosis, Skewness, and NABM/ICV) were used to create ZSI
and ZSD. Distributions of the composite indices, over cognitive groups
are shown in Fig. 3 showing increas- ing and decreasing trends with
worsening cognitive diagnosis for ZSI and ZSD respectively. ANOVA and
posthoc analysis showed significant differences (p < 0.001) between all

Table 3
ANOVA/posthoc of cross-sectional biomarkers between sMCI and ¢cMCI. Bold is
significant.

Group Biomarker p-value Cohen’s d
Volume TBV <0.01 0.20
CSF <0.01 0.20
WML 0.04 0.12
LVV <0.01 0.29
SubCSF 0.03 0.10
NABM/ICV <0.01 0.22
Texture Integrity <0.01 0.22
MAD 0.12 0.21
MID 0.79 0.12
Intensity Intensity 0.04 0.24
Kurtosis <0.01 0.18
Skewness < 0.01 0.23
Composites ZSD <0.01 0.22
ZSI <0.01 0.23
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groups for both the ZSI and ZSD composite indices. All biomarkers
showed large effect size and practical significance (d > 0.80) for the NC—
AD comparison except WML. LVV showed the highest effect size (d =
0.29) for the sMCI-cMCI comparison.

For longitudinal analysis, linear regression was performed to analyze
disease progression over time for each FLAIR biomarker. The biomarker
regression plots for the volume, texture, and intensity biomarkers are
shown in Fig. 14, Fig. 15, and Fig. 16 respectively. The results show
increasing and decreasing slope trends for worsening cognitive diag-
nosis as expected. ANOVA and posthoc analysis were used for the slopes
and intercepts for the sMCI-cMCI regression and are shown in Table 4
(all group comparisons are shown in Table 12). TBV, CSF, SubCSF, MAD,
MID, Kurtosis, and Skewness demonstrated significant differences (p <
0.05) between the rate of biomarker change between the sMCI and ¢cMCI
group. These significant biomarkers were used to compute the longitu-
dinal composite indices ZSI (Equation (4) and ZSD (Equation (5). The
7SI and ZSD biomarkers showed significant differences (p < 0.05) be-
tween the sMCI and cMCI slopes (Fig. 4). The cMCI slopes for both
composite indices showed the fastest rate of change while the sMCI
group progressed at a similar rate to the NC group. These biomarkers
were retained and used as longitudinal markers for the survival analysis.
All biomarkers yielded medium or large effect sizes (d > 0.50) when
comparing sMCI-cMCI except for WML, MID, intensity, and skewness,
while ZSI (d = 1.62) and ZSD (d = 1.51) had the two largest effect sizes.
Table 13 shows results of the ANOVA and Tukey’s posthoc comparing
the intercepts of the regression lines between cognitive groups for each
biomarker. All biomarkers showed significant differences (p < 0.05)
when comparing the intercepts between NC/sMCI/cMCI and AD. None
of the biomarkers showed significant intercept differences (p < 0.05)
when comparing cMCI to NC or cMCI to sMCI. These results indicate that
AD has a significantly greater amount of baseline disease in comparison
to the other three groups.

3.2. Classification performance

To determine the predictive capacity of FLAIR biomarkers, cross-
sectional biomarkers from AD and NC subjects were used to train an
RFC to classify cognitive labels. Fivefold classification was performed for
NC vs AD classification which yielded an ACC of 86.2 % (confidence
interval of [0.83, 0.89] over five folds using all 12 biomarkers. Other
feature (biomarker) combinations were experimented with, namely
using only the composite indices (ZSD/ZSI), volume biomarkers only,
intensity biomarkers only and texture biomarkers alone. The ACC results
for models trained with different biomarkers is shown in Fig. 5 and
feature groups in Table 5. The composite indices achieved similar per-
formance as all biomarkers combined, followed by volume then texture
and intensity biomarkers.

Using all NC and AD data, the final model is trained using all 12
biomarkers and classified between sMCI and cMCI with an ACC of 69.2
% (confidence interval of [0.62, 0.75]). Models developed using all
biomarkers and individual biomarkers are shown in Fig. 6. Similar to the
NC-AD classification, using all biomarkers was the best, followed by
composite indices which were top performers, followed by volume, then
intensity and then texture biomarkers. To demonstrate the tools work
equally well across datasets, Fig. 12 and Fig. 13 were included to show
the impact of using different training and testing datasets, which
resulted in consistent performance across datasets likely due to the in-
tensity standardization.

SHAP values were generated to measure feature importance for sMCI
vs cMCI classification and are shown in Fig. 7. The top 5 features were
ZSI, Skewness, ZSD, TBV, and NABM/ICV. These biomarkers, along with
LVV and CSF, showed a nearly bimodal SHAP value distribution, indi-
cating two distinct groups. Trends of the feature rankings agree with
results of the feature group-based classification, where the composite
indices and volume biomarkers contribute the most to sMCI vs cMCI
classification. Interestingly, intensity skewness is included, and there is a
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Fig. 3. ZSI (left) and ZSD (right) composite indices by cognitive group. Significant differences (p < 0.05) were found in all cognitive group comparisons for both

composite indices.

Table 4

ANOVA/posthoc comparing longitudinal biomarker slopes of sMCI-cMCI

groups. Bold is significant.

long tail in that biomarker.

3.3. Survival analysis

Group Biomarker p-value Cohen’s d
SHAP values and corresponding biomarker thresholds were used to
Volume TBV 0.02 0.75 . . . . .
CSF 0.02 075 perform survival analysis. Using SHAP value vs Biomarker plots, linear
WML 0.49 0.01 regression was used to determine the x-value (biomarker threshold) in
LVV 0.41 0.65 which y = 0 (the point at which the other class becomes more favour-
SubCSF 0.04 0.67 able). Threshold values as well as determined hazard ratios are listed in
NABM/ICV 0.10 1.00 Table 6. Only ZSD, ZSI, LVV, and Kurtosis showed a significant differ-
Texture Integrity 0.13 0.65 .
MAD 0.03 0.65 ence (p < 0.05) between the hazard rate of subjects above and below
their respective threshold. Kaplan-Meier curves of composite indices,
MID 0.04 0.40 volume, texture, and intensity biomarkers are shown in Fig. 8, Fig. 17,
Intensity E‘tens‘t.y g'ii g';? Fig. 18, Fig. 19. Recall that “Survival Probability” represents the prob-
urtosis ’ ’ ability of the subject not developing AD. Therefore, a decreased survival
Skewness <0.01 0.17 probability indicates a higher likelihood of converting to AD.
Composites ZSD 0.02 1.51
ZSI 0.01 1.62 . .
3.4. Biomarker correlation
To validate the correlation between the FLAIR biomarkers and
composite indices, and AD conversion, a sub-analysis was performed.
Pearson’s correlation coefficient was computed between biomarkers and
Linear Regression of Composite Indices
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Fig. 4. ZSD (left) and ZSI (right) over time by cognitive group. Significant differences (p < 0.05) between the slopes of the sMCI and ¢cMCI groups for both com-

posite indices.
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Fig. 5. NC vs AD classification accuracy for each individual biomarker and the
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Table 5
Classification accuracy on held out NC, sMCI, cMCI and AD datasets over all
datasets.

Comparison Features Accuracy AUC
NC-AD All Biomarkers 86.2 % 87.0 %
ZSD/ZS1 82.7 % 83.0 %
Volume 80.8 % 82.0 %
Intensity 76.1 % 76.0 %
Texture 76.5 % 77.0 %
sMCI-cMCI All Biomarkers 69.2 % 69.0 %
ZSD/ZSI 65.2 % 65.0 %
Volume 62.3 % 61.0 %
Intensity 59.7 % 60.0 %
Texture 55.6 % 57.0 %
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Fig. 6. sMCI vs cMCI classification accuracy for each individual biomarker and
the composite indices.
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p-tau and amyloid-j (Af) CSF biomarkers and APOE4 genotype, which
are known as established indicators for MCI to AD conversion. All bio-
markers showed a significant correlation (p < 0.01) to Ap. Only skew-
ness did not show a significant correlation to p-tau. LVV, Integrity,
Intensity, NABM/ICV, and ZSD showed a significant correlation (p <
0.001) to the APOE4 genotype. The correlation shown between the
FLAIR i-biomarkers and the gold standard AD conversion indicators
further strengthens the results of the cross- sectional and longitudinal
analyses performed throughout this paper.

3.5. Summary

A complete summary of the results of each experiment for all 12
biomarkers and the two composite indices, specifically for sMCI-cMCI
differentiation is shown in Table 7.

4. Discussion

This is the first work that uses multi-centre, FLAIR-MRI data to
identify high-risk MCI subjects, which was done both cross-sectionally
and longitudinally using quantitative biomarkers, and composite
indices. Previously validated and developed tools were used to accu-
rately extract and measure the biomarkers (Khademi et al., 2021)
(Reiche et al., 2019) (DiGregorio et al., 2021) (Hansen et al., 2015)
(Nordenskjold et al., 2013). It was hypothesized that six volume-based
(TBV, CSF, WML, LVV, SubCSF, NAB- M/ICV), three texture (MAD,
MID, Integrity) and three intensity (mean Intensity, Kurtosis, Skewness)
biomarkers could identify cMCI subjects in cross-sectional and longitu-
dinal data using statistical models and machine learning classifiers.
Composite indices were designed to compare sMCI and ¢cMCI groups
using single-valued metrics that summarize the neurodegeneration.

Longitudinal analysis of biomarkers is valuable as it can be leveraged
to analyze disease progression, identify earlier diseases, used for patient
monitoring, and help understand disease mechanisms. DiGregorio et al.
demonstrated longitudinal FLAIR volume biomarkers are significantly
different between cognitive groups, with longitudinal biomarkers
computed as the normalized average annual rate of change of the vol-
ume (DiGregorio et al., 2022) (Bahsoun et al., 2022). We expanded on
this work by focusing on a more traditional longitudinal analysis to
provide insight into the serial differences between cognitive groups via
linear regression and survival analysis.

Volume-based biomarkers related to brain tissue loss (TBV, CSF,
LVV, Sub CSF, and NABM/ICV) showed significant differences between
sMCI and cMCI groups cross-sectionally and all but LVV and NAB- M/
ICV showed significant differences longitudinally. Medium to large ef-
fect sizes were found in all volumes biomarkers except WML when
comparing rate of change between sMCI and ¢cMCI groups. Volume
biomark- ers yielded higher NC vs AD and sMCI vs ¢cMCI classification
performance and were generally ranked higher based on SHAP feature
importance in comparison to the texture and intensity biomarkers. This
further supports current literature that shows neurodegeneration is
strongly associated with a loss of brain tissue and so is the onset of AD
(Jack et al., 2010) (Vemuri et al., 2009) (Vemuri et al., 2009) (DiGre-
gorio et al., 2022); which was confirmed by the proposed analysis where
TBV and NABM/ICV were significantly lower and CSF, LVV, and SubCSF
were significantly higher for worse cognitive diagnosis. It is worth
noting that LVV ranked higher in terms of SHAP feature importance in
comparison to Sub CSF, but Sub CSF showed significant differences in
the rate of change between sMCI and cMCI. This indicates that on a
cross-sectional level, the magnitude of tissue loss is more noticeable in
periventricular regions, but in terms of the rate of tissue loss, it is
occurring significantly faster in the GM. Although WML showed signif-
icant differences cross-sectionally between sMCI and cMCI, it was
irrelevant in all other analyses. Although in the past, it has been shown
that WML is correlated with cognitive impair- ment (Khademi et al.,
2021) (Brugulat-Serrat et al., 2020), more recent research has begun to
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Fig. 8. ZSD (left) and ZSI (right) Kaplan-Meier curves representing the survival probability over time between the SHAP defined groups. Significant differences (p <

0.05) found between the hazard ratios of the two groups.

suggest that WML may not be contributing to cognitive decline in a
straightforward manner (Chan et al., 2023). Our findings show that
cross-sectional volume may differentiate between ¢cMCI and sMCI, but
longitudinally, our results suggest that WML volume change may not be
a contributing factor for diagnosis of prodromal AD.

Despite yielding lower classification accuracy and SHAP rankings
compared to volume biomarkers, adding texture and intensity bio-
markers to the feature set resulted in the best performing model for both
NC vs AD and sMCI vs cMCI classification. This indicates that in addition
to overall tissue loss in the WM and GM based on the results of the
volume biomarkers, there are more localized changes occurring within
GM and WM regions that is related to prodromal AD. FLAIR texture
biomarkers were shown to measure microstructural properties of GM
and WM tissue, which is correlated to both mean diffusivity and frac-
tional anisotropy in DTI, as well as cognitive impairment and

neurodegeneration (Bahsoun et al., 2022). FLAIR intensity has been
shown to be related to vasogenic edema, ischemia and demylination
(Black et al., 2009), and was a predictor for future WML development.
All the intensity and texture features except Skewness showed signifi-
cant correlation with the p-tau and Af CSF biomarkers, further vali-
dating their relationship with the pathophysiological process of AD.
Therefore, FLAIR texture and intensity are providing complementary
information to the volume biomarkers that can be used further tease out
differences between cMCI and sMCI. It is impor- tant to measure various
dimensions of the disease since there are individualized patterns in both
AD and prodromal (Badhwar et al., 2020) (Noh et al., 2014) (Poulakis
et al., 2018); so including volume, texture, and intensity biomarkers
encapsulates various types of neurodegenerative processes.

The integrity texture biomarker and intensity features (kurtosis,
skewness, mean intensity) were able to distinguish between sMCI and
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cMCI groups with statistical significance cross-sectionally while the
texture markers MAD and MID were distinguished between groups in
terms of longitudinal progression. This is despite MID and MAD not
being significantly different between ¢MCI and sMCI on the cross-
sectional level. In Bahsoun et al., FLAIR texture was found to be
related to cognition, where it was hypothesized that GM and WM
degeneration are reflected in local texture changes (Bahsoun et al.,
2022). In this work, we showed longitudinal FLAIR texture also differ-
entiates between cMCI and sMCI, indicating that serial changes to the
tissue mi- crostructure in both WM and GM may play a role in subjects
who convert to AD. MAD and MID quantify the roughness of the WM and
GM based on local intensity differences (Bahsoun et al., 2022) as larger
MAD and MID values indicate signs of potential GM atrophy and WM
tract degeneration. Therefore, the longitudinal results suggest the rate of
GM atrophy and WM tract degeneration was significantly greater for
cMCI subjects than for sMCI subjects. The integrity texture biomarker is

related to repeating structural patterns with less sim- ilar patterns
reflecting a lower metric (more randomness). Cross-sectionally, integ-
rity differentiated between cMCI and sMCI, but the rate of change of this
biomarker is not significant between the groups. This could be related to
the sensitivity of the metric, or could indicate the change in repeating
patterns over time is not notable for prodomal AD. Intensity features
differentiated between ¢MCI and sMCI using ANOVA on cross sectional
and longitudinal differences, despite being ranked relatively low on the
SHAP feature importance (except for skewness). Intensity in FLAIR MRI
may be related to edema and water content related to tissue degenera-
tion, and therefore, intensity may be a beneficial surrogate marker for
identifying high risk subjects. The composite indices (ZSD and ZSI) were
computed for cross-sectional and longitudinal analyses. The composite
indices were the best performing biomarker group for all analyses as
they showed significant differ- ences cross-sectionally and longitudi-
nally with the largest effect sizes, the highest classification performance,
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ranked within the top 3 for SHAP feature importance, and both showed a
significant impact on the risk of AD conversion via survival analysis.
These results indicate the computed composite can summarize the
neuroanatomical state into two single-valued metrics to distinguish
between high and low-risk MCI subjects. The ZSD and ZSI metrics show
great potential in clinical applications as they are easily monitored
longi- tudinally. Otherwise, each biomarker would have to be monitored
individually, which makes it difficult for clinicians to consolidate the
information. They also offer a pre-clinical use as be used for patient
strati- fication in applications such as cohort selections in clinical trials.
Using the composite indices can allow clinicians to consider a single
unified, explainable metric that summarizes all biomarkers which con-
siders many dimensions of disease, and can identify normal aging or
high-risk subjects.

A summary of the existing techniques for sMCI-cMCI classification is
shown in Table 8. All meth- ods include T1-weighted MRI, while others
combine T1 biomarkers with PET, cognitive measures, plasma bio-
markers, and CSF biomarkers. The sample sizes vary from in the twenties
to into the hundreds. Us-ing multi-modal inputs makes the process more
time consuming and expensive. The proposed sMCI-cMCI classification
model performance is similar (or better) to existing technologies using
T1 only, demonstrating the ability to classify cMCI subjects on a patient-
level basis using FLAIR biomarkers. These biomarkers provide expla-
nation for the classification based on known pathological processes (e.g.,
brain tissue loss). Providing automated diagnosis using intuitive and
explainable biomarkers is desired in the medical field (Duc et al., 2020)
(Jo et al., 2019) (Lee et al., 2019) (Li et al., 2019) (Spasov et al., 2019).
This helps to better understand the pathological process, which can help
clinicians pro- vide a more personalized treatment plan.

Although no significant differences were seen in the intercepts of the
sMCI and cMCI group in the longi- tudinal analysis, majority of the
biomarkers and both composite indices show the c¢MCI group is
declining or progressing at the fastest rate, highlighting the importance
of identifying subjects in the prodromal phase. Interestingly, AD subjects
did not have the highest slope but did have the highest baseline disease
(inter- cept) for all biomarkers. Existing literature has found biomarkers
related to AD are significantly different compared to NC and MCI in
terms of the baselines, while the rate of change was not as exaggerated
(Bahsoun et al., 2022). This could also explain the lack of differences
between the NC and sMCI slopes compared to the AD group, while
showing significant differences between the intercepts.

All Kaplan-Meier curves except for WML and SubCSF show that after
time point 2, the survival proba- bility of the cMCI group begins to drop
and is less than the sMCI group. Based on the time-normalization of the
c¢MCI group, this indicates cMCI subjects (determined by biomarker
thresholds) show signs of increased AD-conversion probability up to 4
years before AD diagnosis compared to sMCI subjects. Similar results are
seen in Shi et al. as they used survival analysis to compare risk of AD
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conversion between groups using T1-MRI images (Shi et al., 2022).
Comparing the results of the proposed work to that of Shi et al., the
survival functions have similar shape. However, in (Shi et al., 2022); the
high risk group shows an drop in probability (i.e. increased chance of

11

conversion) approximately 4 years after baseline, whereas our bio-
markers show a reduction in survival probability just two years after
baseline, indicating the FLAIR biomarkers may be more sensitive to
detecting conversion earlier. FLAIR MRI may be providing unique
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Table 6

Results of SHAP analysis and Cox Proportional Hazard model. P-value is in
relation to the null hypothesis that the HR = 1 (no significant difference in risk of
AD conversion).

Group Biomarker = SHAP Biomarker Hazard p-
Rank Threshold Ratio value

Volume TBV 4 0.81 0.94 0.23
CSF 7 0.19 1.07 0.23

WML 9 0.0068 1.02 0.71
LVV 6 0.04 1.12 0.03

Sub CSF 13 0.17 1.03 0.38

NABM/ICV 5 0.76 0.92 0.12

Texture Integrity 14 119.29 0.92 0.08
MAD 8 3614.35 1.09 0.12

MID 11 9.14 1.06 0.26

Intensity Intensity 12 273.65 0.93 0.17
Kurtosis 10 3.63 0.90 0.05

Skewness 2 -0.49 1.101.1 0.06

Composites ZSD 3 —2.12 0.88 0.01
ZS1 1 1.94 1.11 0.04

insight into disease progression for early disease detection compared to

Surivival Analysis of TBV

Surivival Analysis of CSF

Neurolmage: Clinical 40 (2023) 103533

more traditional modalities. The difference in survival probability or
relative risk of converting to AD seen between groups is significantly
impacted by ZSI, ZSD, LVV, and Kurtosis. Hazard ratios indicate how a
single normalized unit increase impacts the risk of conversion. Bio-
markers yielding hazard ratios>1 have positive correlations with the
risk of conversion. Therefore, with every unit increase in ZSI, a subject is
1.11 times more likely to convert from MCI to AD. Biomarkers with
HRs<1 (ZSD HR: 0.88) have an inverse relationship with conversion.
Therefore, with every normalized unit decrease in ZSD, a subject is 1.14
(1/0.88) times more likely to convert to AD. The results demonstrate the
ability to use these biomarkers to stratify subjects into low and high-risk
groups. This has the potential to have significant real-world implications
for important applications such as clinical trial cohort selection.

The proposed biomarkers not only offer automated processes for
extracting volume biomarkers but also unique insights into the level of
tissue loosening/degeneration based on the calculated damage and in-
tensity features. When analyzing biomarkers, the proposed pipeline is
much more efficient and comparably accurate in comparison to manual
annotations. There is also a preclinical application. Previous Alz-
heimer’s treat- ment trials have failed due to poor patient selection and
subgrouping. The proposed biomarkers can help objectively group
subjects to yield more homogeneous subgroups, which commonly leads
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Table 7

Summary of results comparing sMCI and ¢cMCI groups. Bold indicates significance.

Group Biomarker ANOVA Classification Survival Correlation (p-values)
Cross Long. SHAP ACC p-value HR p-tau Ap APOE4
Volume TBV <0.01 0.02 4 53.7 % 0.23 0.94 <0.01 <0.01 0.06
CSF <0.01 0.02 7 53.7 % 0.23 1.07 <0.01 <0.01 0.06
WML 0.04 0.49 9 51.5 % 0.71 1.02 0.04 <0.01 0.49
LvVvV <0.01 0.41 58.0 % 0.03 1.12 0.02 <0.01 <0.01
SubCSF 0.03 0.04 13 52.1 % 0.38 1.03 <0.01 <0.01 0.32
NABM/ICV <0.01 0.10 55.5 % 0.12 0.92 <0.01 <0.01 0.03
Integrity <0.01 0.13 14 55.2 % 0.08 0.92 <0.01 <0.01 0.03
Texture 0.08
0.72
MAD 0.12 0.03 8 57.9 % 0.12 1.09 <0.01 <0.01 0.08
MID 0.79 0.04 11 57.7 % 0.26 1.06 0.04 <0.01 0.72
Intensity 0.04 0.85 12 57.7 % 0.14 0.93 <0.01 <0.01 0.04
Intensity 0.21
0.87
Kurtosis <0.01 0.04 10 51.2% 0.05 0.90 <0.01 <0.01 0.21
Skewness <0.01 <0.01 2 51.2% 0.06 1.10 0.07 <0.01 0.87
Composites ZSD <0.01 0.02 3 65.2 % 0.01 0.88 <0.01 <0.01 0.02
ZS1 <0.01 0.01 1 0.04 1.11 <0.01 <0.01 0.22
Table 8 Table 9
Summary of existing sMCI-cMCI classification machine learning technologies. List of features categorized as increasing and
Author Dataset Sample Size Modality ACC, AUC decreasing with worsening cognition.
(sMCI, cMCI) Increasing Decreasing
Tong et. al (Tong ADNI 129,171 T1-MRI, 0.81, — LVV TBV
et al,, 2017) Cognitive CSF NABM/ICV
Davatzikosa et. al ( ADNI 170, 69 T1-MRI, - WML Intensity
Davatzikos et al., CSF 0.54-0.63 SubCSF Kurtosis
2011) Skewness Integrity
Xu et. al (Xu et al., ADNI 83, 27 T1-MRI, 0.83, — MAD -
2016) PET MID _
Korolev et. al ( ADNI 120, 139 T1-MRI, 0.80, —
Korolev et al., Cognitive
2016)
Chupin et. al (Chupin ~ ADNI 134,76 T1-MRI 0.64, — Table 10
et al., 2009) Classification Performance metrics for various machine learning classifiers for
Misra et. al (Misra ADNI 76, 27 T1-MRI 0.82, — sMCI vs ¢MCI classification problem.
et al., 2009)
Wolz et. al (Wolz ADNI 238, 167 T1-MRI 0.56-0.68, Classifier Accuracy Sensitivity Specificity
etal, 2011) - RFC 69 % 65 % 71%
Cho et. al (Cho et al., ADNI 65, 37 T1-MRI 0.71, - SVM 57 % 29 % 84 %
2012) Logistic Regression 58 % 53 % 63 %
Proposed 321;11;1 89, 89 FLAIR 0.69, 0.68 Gaussian Naive Bayes 59 % 51 % 66 %

to more indicative results of treatment trials. More specifically, the
composite indices offer the ability to longitudinally monitor cognitively
declining individuals using single-valued metrics that summarize the
neuroanatomical state of the subject based on various dimensions of
disease. The ZSI and ZSD composite indices are easily integrated into
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clinical workflow and can be used for patient selection in clinical trials.

A limitation of this study is that clinical variables such as lifestyle,
socioeconomic status, and ethnicity were not available or included in
the analysis. While the sex variable was available, due to sample sizes in
the cMCI group, we were unable to further stratify the data. It is also
worth noting that other papers (Table 8) used ADNI diagnostic labels to
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ANOVA and post-hoc analysis comparing the means of all 12 FLAIR MRI biomarkers and the ZSD and ZSI composite indices between cognitive classes. Cohen’s
d reported for each comparison to determine effect size. Biomarkers showing significant differences between sMCI-cMCI are bolded.

iomarker

NC-AD cMCI-AD sMCI-AD c¢MCI-NC sMCI-NC sMCI-cMCI

p (Cohen’s d) p (Cohen’s d) P (Cohen’s d) P (Cohen’s d) P (Cohen’s d) P (Cohen’s d)
TBV <0.001 (1.73) <0.001 (0.81) <0.001 (1.00) <0.001 (0.78) <0.001 (0.56) <0.001 (0.20)
CSF <0.001 (1.73) <0.001 (0.81) <0.001 (1.00) <0.001 (0.78) <0.001 (0.56) <0.001 (0.20)
WML <0.001 (0.60) 0.72 (0.06) <0.001 (0.29) <0.001 (0.52) <0.001 (0.27) <0.05 (0.12)
LVV <0.001 (1.37) <0.05 (0.54) <0.001 (0.78) <0.001 (0.78) <0.001 (0.43) <0.001 (0.29)
SubCSF <0.001 (1.50) <0.001 (0.71) <0.001 (0.87) <0.001 (0.60) <0.001 (0.49) <0.05 (0.10)
Integrity <0.001 (1.73) <0.001 (0.81) <0.001 (1.03) <0.001 (0.75) <0.001 (0.48) <0.001 (0.22)
MAD <0.001 (1.80) <0.05 (0.85) <0.001 (0.98) 0.07 (0.84) 0.13 (0.58) 0.12 (0.21)
MID 0.59(1.13) 0.54 (0.45) <0.01 (0.62) 0.32 (0.65) <0.001 (0.40) 0.79 (0.21)
Intensity <0.001 (1.41) <0.05 (0.56) <0.001 (0.85) 0.06 (0.71) <0.001 (0.44) <0.05 (0.24)
Kurtosis <0.001 (1.22) <0.01 (0.66) <0.001 (0.79) <0.001 (0.57) <0.001 (0.38) <0.01 (0.18)
Skewness <0.001 (0.91) 0.30 (0.21) <0.001 (0.47) <0.001 (0.65) <0.001 (0.40) <0.01 (0.23)
NABM/ICV <0.001 (1.83) <0.001 (0.86) <0.001 (1.05) <0.001 (0.85) <0.001 (0.58) <0.001 (0.22)
ZSD <0.001 (1.77) <0.001 (0.87) <0.001 (1.05) <0.001 (0.80) <0.001 (0.53) <0.001 (0.22)
ZS1 <0.001 (1.78) <0.001 (0.73) <0.001 (0.96) <0.001 (0.90) <0.001 (0.61) <0.001 (0.23)

Table 12

Results of ANOVA and post-hoc analysis comparing the regression slopes of all 12 FLAIR MRI biomarkers, and ZSD and ZSI composite indices. Cohen’s d computed and
shown to determine effect size. Biomarkers showing significant differences between sMCI-cMCI are bolded.

Biomarker

NC-AD cMCI-AD sMCI-AD cMCI-NC sMCI-NC sMCI-cMCI

p (Cohen’s d) P (Cohen’s d) P (Cohen’s d) p (Cohen’s d) p (Cohen’s d) p (Cohen’s d)
TBV 0.107 (1.67) 0.138 (0.25) 0.226 (1.33) <0.01 (1.33) 0.421 (1.00) <0.05 (0.75)
CSF 0.107 (1.67) 0.138 (0.25) 0.226 (1.33) <0.01 (1.33) 0.421 (1.00) <0.05 (0.75)
WML 0.915 (0) 0.231 (0.50) 0.415 (0.50) 0.113 (0.50) 0.079 (0.50) 0.488 (0)
LVV <0.01 (1.70) 0.283 (0) <0.001 (1.30) 0.476 (1.70) 0.556 (0.40) 0.411 (0.65)
SubCSF 0.524 (1.33) <0.05 (0.33) 0.997 (1.00) <0.01 (1.33) 0.227 (1.00) <0.05 (0.67)
Integrity 0.08 (1.38) 0.526 (0.20) 0.153 (0.87) <0.05 (1.46) 0.502 (0.77) 0.132 (0.65)
MAD <0.05 (1.45) 0.192 (0.06) 0.195 (0.94) <0.001 (1.45) 0.104 (1.21) <0.05 (0.65)
MID <0.05 (1.28) 0.122 (0.32) 0.567 (0.91) <0.001 (1.28) <0.01 (0.91) <0.05 (0.40)
Intensity <0.001 (1.96) 0.068 (1.20) <0.001 (1.15) 0.255 (0.96) <0.05 (1.33) 0.849 (0.16)
Kurtosis <0.001 (0.91) 0.764 (0) <0.01 (1.06) <0.01 (1.11) <0.01 (0.29) <0.05 (0.81)
Skewness <0.05 (0.17) 0.055 (0.42) 0.958 (0.27) <0.001 (1.56) <0.001 (2.30) <0.05(0.17)
NABM/ICV <0.05 (1.67) 0.889 (0) <0.05 (1.33) <0.05 (1.67) 0.834 (1.00) 0.099 (1.00)
ZSD <0.01 (1.51) 0.464 (0.22) <0.05 (1.35) <0.01 (1.53) 0.349 (0.41) <0.05 (1.51)
ZS1 <0.05 (1.62) <0.05(0.19) 0.457 (1.07) <0.001 (1.73) <0.05(1.32) <0.05 (1.62)

find cMCI subjects, whereas in this work, we used MoCA. Diagnostic
labels are subjective with continually evolving criteria, and may not be
collected all the time. In contrast, MoCA is widely used and could reduce
subjectivity compared to a diagnostic label. The number of available
cMCI subjects (n = 89) could also be considered a limitation in com-
parison to existing technologies but the training set used in this work
contained data from three datasets (ADNI, CCNA, and ONDRI), which
contrasts previous works which focus on a single dataset. Data vari-
ability in multicentre datasets can also be a challenge, and could have
limited comparison between biomarkers. However, the intensity stan-
dardization pipeline helped to minimize this impact allowing for dif-
ferences to been seen between groups cross-sectionally and
longitudinally.

5. Conclusion

This work examines FLAIR-only biomarkers for the differentiation of
sMCI and cMCI using cross-sectional, longitudinal and survival-based
analysis in a large multicentre dementia cohort. Three types of bio-
markers were examined, which included intensity, texture and volume.
Cross-sectional biomarkers showed ANOVA differences across sMCI and
c¢MCI groups, and were able to predict cognitive label using machine
learning. The most important features were the volume-based features
and the composite indices, although intensity and texture were found to
improve performance. SHAP analysis also supported the volume bio-
markers as being critical for detecting prodomal AD, but the composite
indices were top performers. Longitudinally, FLAIR biomarkers modeled
disease progression and there were differences in slope and intercepts
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across the cognitive groups for specific volume, intensity and texture
biomarkers The composite indices had that highest effect size. The
survival analysis showed that AD conversion can be predicted up to four
years in advance, using the composite indices. This FLAIR-only
biomarker system is attainable and accessible as FLAIR is an often ac-
quired MRI sequence. The results are easily interpretable, thus making
them easily integrated into the clinical workflow.
B Equations

Biomarker; — jiye

ZScore = NC (€D}
ZScrosssectional = ZS1vv + ZScsr + ZSsuvcsk + ZSwmr + ZSskewness (2)
ZSD ¢rosssectional = ZSt8v + ZSNapy_icv + ZSmiensity + ZSmtegrity + ZSkurosis  (3)
ZS1 Longindinal = ZScse + ZSsupcsr + ZSskewness + ZSuap + ZSuip “4)
ZSD pongitudinat = ZSt8v + ZSntegrity + ZSkurtosis )
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Results of ANOVA and post-hoc analysis comparing the regression intercepts of all 12 FLAIR MRI biomarkers, and ZSD and ZSI composite indices. Cohen’s d computed

and shown to determine effect size.

Biomarker NC-AD cMCI-AD sMCI-AD cMCI-NC sMCI-NC sMCI-cMCI
p (Cohen’s d) p (Cohen’s d) P (Cohen’s d) p (Cohen’s d) p (Cohen’s d) p (Cohen’s d)

TBV <0.001 (20.00) <0.001 (12.50) <0.001 (13.33) <0.001 (3.33)

0.36 (20) <0.001 (2.50)
CSF <0.001 (20.00) <0.001 (12.50) <0.001 (13.33) <0.001 (3.33)

0.36 (20) 0.25 (2.50)
WML <0.001 (4.00) <0.001 (2.00) <0.001 (3.00) <001 (1.00)

0.30 (2.00) 0.75 (1.00)
LVv <0.001 (17.00) <0.001 (14.00) <0.001 (12.00) <0.001 (5.00)

0.35 (3.00) 0.52 (1.00)
SubCSF <0.001 (13.67) <0.001 (12.00) <0.001 (9.00) <0.001 (14.00)

0.49 (2.50) 0.26 (2.14)
Integrity <0.001 (17.89) <0.001 (15.53) <0.001 (10.76) <0.001 (11.38)

0.33(3.17) 0.45 (1.75)
MAD <0.001 (18.23) <0.001 (12.79) <0.001 (12.78) <0.001 (13.17)

0.28 (3.49) 0.37 (2.14)
MID <0.001 (11.53) <0.001 (6.80) <0.001 (15.32) <0.001 (8.48)

0.20 (4.13) 0.82 (5.35)
Intensity <0.001 (14.32) <0.001 (10.42) <0.001 (4.53) <0.001 (46.27)

0.14 (5.06) 0.94 (12.25)
Kurtosis <0.001 (14.24) <0.001 (7.84) <0.001 (10.00) <0.001 (10.71)

0.47 (2.59) 0.81 (1.90)
Skewness <0.001 (10.00) <0.001 (5.15) <0.001 (6.27) <0.001 (8.20)

0.20 (4.78) 0.96 (0.14)
NABM/ICV <0.001 (19.33) <0.001 (12.75) <0.001 (12.33) <0.001 (21.00)

0.43 (2.33) 0.19 (3.50)
ZSD <0.001 (19.02) <0.001 (13.49) <0.001 (13.33) <0.001 (13.61)

0.32 (3.33) 0.30 (2.42)
ZSI <0.001 (18.15) <0.001 (12.13) <0.001 (12.25) <0.001 (14.11)

0.18 (4.37) 0.42 (1.93)
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