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Alzheimer’s disease (AD) continuum is defined as a cascade of several neuropathological
processes that can be measured using biomarkers, such as cerebrospinal fluid (CSF)
levels of AB, p-tau, and t-tau. In parallel, brain anatomy can be characterized through
imaging techniques, such as magnetic resonance imaging (MRI). In this work we relate
both sets of measurements and seek associations between biomarkers and the brain
structure that can be indicative of AD progression. The goal is to uncover underlying
multivariate effects of AD pathology on regional brain morphological information. For this
purpose, we used the projection to latent structures (PLS) method. Using PLS, we found
a low dimensional latent space that best describes the covariance between both sets
of measurements on the same subjects. Possible confounder effects (age and sex) on
brain morphology are included in the model and regressed out using an orthogonal PLS
model. We looked for statistically significant correlations between brain morphology and
CSF biomarkers that explain part of the volumetric variance at each region-of-interest
(ROI). Furthermore, we used a clustering technique to discover a small set of CSF-related
patterns describing the AD continuum. We applied this technique to the study of subjects
in the whole AD continuum, from the pre-clinical asymptomatic stages all the way through
to the symptomatic groups. Subsequent analyses involved splitting the course of the
disease into diagnostic categories: cognitively unimpaired subjects (CU), mild cognitively
impaired subjects (MCI), and subjects with dementia (AD-dementia), where all symptoms
were due to AD.

Keywords: Alzheimer’s disease, PLS, pre-clinical AD, latent model, CSF biomarkers, brain morphology

1. INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative disease characterized by a progressive cognitive
and memory decline and specific neuropathological processes, namely extracellular beta-amyloid
plaque deposition and intracellular neurofibrillary tangles accumulation (1). Initial diagnostic
criteria defined AD as a syndrome without neuropathological confirmation for a “probable AD

Frontiers in Neurology | www.frontiersin.org

1 July 2020 | Volume 11 | Article 648


https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org/journals/neurology#editorial-board
https://www.frontiersin.org/journals/neurology#editorial-board
https://www.frontiersin.org/journals/neurology#editorial-board
https://www.frontiersin.org/journals/neurology#editorial-board
https://doi.org/10.3389/fneur.2020.00648
http://crossmark.crossref.org/dialog/?doi=10.3389/fneur.2020.00648&domain=pdf&date_stamp=2020-07-28
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurology#articles
https://creativecommons.org/licenses/by/4.0/
mailto:jdgispert@barcelonabeta.org
mailto:veronica.vilaplana@upc.es
https://doi.org/10.3389/fneur.2020.00648
https://www.frontiersin.org/articles/10.3389/fneur.2020.00648/full
http://loop.frontiersin.org/people/671698/overview
http://loop.frontiersin.org/people/987150/overview
http://loop.frontiersin.org/people/703164/overview
http://loop.frontiersin.org/people/932751/overview













Casamitjana et al.

PLS Disentangles Brain Pathological Effects

FIGURE 2 | Pairwise CSF biomarker relationship along the AD continuum: (A) CSF AB vs. p-tau, (B) CSF Ag vs. t-tau and (C) CSF p-tau vs. t-tau. Each point
represents a subject and different colors refer to different clinical categories: CU (blue), MCI (red), and AD-dementia (black).

FIGURE 3 | Different views of the effect of AD (v’k“D) in subjects along the AD continuum. The color-code represents negative (blue) and positive (red) relative
contributions of each CSF biomarker explaining the volumetric variability on brain each ROIs. Each figure represents a different CSF biomarkers: (A) CSF Ag, (B) CSF
p-tau, (C) CSF t-tau. Only brain ROIs with statistically significant effect size (p < 0.05, corrected for multiple comparisons) are shown.

0 and 1). A typical AD-related pathophysiological pattern is
found in cluster 1, where amyloid plaque deposition appears to
favor the presence of tau protein in several temporal regions
(hippocampus, inferior temporal, superior temporal, middle
temporal, amygdala, fusiform and entorhinal cortex) and other
typical AD regions (precuneus). In contrast, in cluster 0,
several regions, such as pallidum, precental, lateral orbitofrontal,
or precentral appear to develop compensation effects once
discounting the aging effect with tau accumulation. On the
other hand, CSF Ap levels appear to highly affect regions of
the caudate and other medial regions, such as the paracentral
and the post-central, showing a compensatory mechanism with
amyloid deposition once corrected by the aging process (clusters
3). Finally, the choroid plexus appears to be highly correlated
with variation in CSF AB and ¢-tau values.

3.3. Study of CSF Biomarkers Association
With Brain Morphometric Features in
Different AD Stages

As suggested by Tosun et al. (33), in this second stage of analysis
we considered that AD effects might be different along the
disease continuum. Hence, we fit the corrected MAP model

independently to each diagnostic groups (CU, MCI and AD-
dementia) and provided a post-hoc comparison.

The effect type for CU, MCI is shown in Figures4, 5,
respectively, in statistically significant regions while (p < 0.05,
corrected for multiple comparisons) no significant regions were
found for the AD-dementia stage once corrected for multiple
comparisons. The p-values for each brain ROI are listed in
Supplementary Table 2.1. Several subcortical and temporal pole
regions appear to be highly correlated to AD pathophysiological
markers at CU and especially MCI stages.

The resulting three-dimensional effect types can be effectively
clustered into four different characteristic CSF patterns. In
Table 3, we provide a list of relevant ROIs associated to the four
centroids describing each cluster. Among the four clusters, we
found that clusters 0 and 1, group regions whose variance is
related to CSF ¢-tau/p-tau proteins variation, while clusters 2 and
3 appeared to be described by CSF AS load.

A typical AD-related pathophysiological pattern is found in
cluster 0 describing the variability of typical AD regions (inferior
parietal and hippocampus) at intermediate stages (MCI). In
contrast, cluster 1 shows a compensatory effect in medial regions
(e.g., pre-central) at MCI stage. The caudate appears to be almost
perfectly correlated with CSF A values at early stages (CU),
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TABLE 2 | Multivariate CSF effects on brain morphology for different diagnostic categories.

Centroid 0 Centroid 1 Centroid 2 Centroid 3
T T T T T
Ap Ap A H AB
‘ |
p-tau — p-tau —— p-tau _ p-tau
t-tau t-tau ‘ t-tau T t-tau —
[ [

-1-0.50 05 -1-050 0. 1050 05 1 1050 05 1
Pallidum R Precuneus R Cuneus L Choroid Plexus R
Pallidum L Precuneus L Pericalcarine R Choroid Plexus L
Precentral L Amygdala R Caudate R
Precentral R Amygdala L Caudate L
Lateral Orbitofrontal L Bankssts R Paracentral R
Lateral Orbitofrontal R Bankssts L Post-central R
Frontal Pole L Entorhinal R Medial Orbitofront. L
Frontal Pole R Entorhinal L
Superior Temporal R Fusiform R

ADc
Supramarginal R Fusiform L

Caudal Ant. Cingulate R
Medial Orbitofrontal R
ParsOrbitalis L
Pericalcarine L
Temporal Pole L
Transverse Temporal L
Insula L
ParsOpercularis R

Hippocampus R
Hippocampus L
Inferior Temporal R
Inferior Temporal L
Middle Temporal R
Middle Temporal L
Inferior Parietal R
Inferior Parietal L

Statistical significant ROIls are grouped in 4 clusters characterized by their centroid. We refer to all centroids as the latent pathological patterns driving morphological changes and are
shown in the header of the table.

FIGURE 4 | Different views of the effect of AD (v’k“D) in subjects in the CU stage. The color-code represents negative (blue) and positive (red) relative contributions of
each CSF biomarker explaining the volumetric variability on brain each ROIs. Each figure represents a different CSF biomarkers: (A) CSF Ag, (B) CSF p-tau, (C) CSF
t-tau. Only brain ROIs with statistically significant effect size (p < 0.05, corrected for multiple comparisons) are shown.

subjects. None of the regions below the significance threshold
survive the multiple comparisons correction at late stages of the
disease (AD-dementia).

increasing its volume for decreasing CSF Ap values. Finally,
the pattern related to choroid plexus, shown in the previous
sections, is found relevant only on cognitively unimpaired
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FIGURE 5 | Different views of the effect of AD (v;‘D) in subjects in the MCI stage. The color-code represents negative (blue) and positive (red) relative contributions of
each CSF biomarker explaining the volumetric variability on brain each ROIs. Each figure represents a different CSF biomarkers: (A) CSF Ag, (B) CSF p-tau, (C) CSF
t-tau. Only brain ROIs with statistically significant effect size (o < 0.05, corrected for multiple comparisons) are shown.

TABLE 3 | Diagnostic categories.

Centroid 0 Centroid 1 Centroid 2 Centroid 3
T T T T T T
Ap am Ap AB Ap
p—tau p—tau —1 p—tau p—tau ——
t-tau — t-tau — t-tau t-tau
[
1-050 05 1050 0.5 105005 1 -1-050 0.5
LeftAccumbensArea L RightPericalcarine LeftCaudate LeftChoroidPlexus
Ccu RightInferiorTemporal RightCaudate RightChoroidPlexus
Banksts L Precentral R MidTemporal R
MidTemporal L ParsOrbitalis L
InferiorParietal R Precentral L
MCI
InferiorParietal L
Hippocampus L
Hippocampus R
AD

4. DISCUSSION

In this work we report the effect of normal aging and AD
pathological processes on brain morphology. Age and sex were
used as covariates in the normal aging model based on a
cognitively unimpaired, amyloid-beta negative population that
shows the standard pattern of global volume reduction (34)
except for the choroid plexus. Its associated latent space was
used as a confounding factor model to correct the disease
model. AD pathology was measured using CSF biomarkers and
shows high effect sizes on brain morphology along the disease
spectrum. Brain structure can be effectively described by a small
set of underlying patterns correlated with CSF biomarkers. Once

corrected by the confounder model, they can be split into atrophy
and volume compensation mechanisms.

A typical AD-related pathophysiological process is defined
by cerebral atrophy in subjects with higher CSF f¢-tau and p-
tau and lower CSF Ap values. This pattern is most prominently
found in the temporal lobe (hippocampus, superior, middle and
inferior temporal, amygdala, fusiform and entorhinal cortex) as
well as other regions, such as the pre-cuneus and the inferior
parietal, all of them being established AD-vulnerable structures in
the literature and used as diagnostic markers. Tau accumulation
drives most of the volumetric variability on those regions. On
the other hand, increased mean ROI volume, with increasing
tau or decreasing amyloid-beta levels, is also present across
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the brain. This compensation mechanism is found in many
regions, especially in the frontal lobe and in central regions,
such as the precentral, the pallidum, or the caudate nucleus.
Even though it does not belong to the central nervous system
(CNS), a well-deserved remark should be made for the choroid
plexus, understood to be the region that mediates CSF production
and that seems independent of CSF p-tau levels, indicating its
non-specific character for AD.

A subsequent analysis using clinical diagnosis to find group-
specific effects shows different patterns along AD stages.
Statistically significant regions at each stage drastically diminish
compared to effects along the whole AD continuum. At pre-
symptomatic stages of AD (i.e., cognitively unimpaired (CU)
subjects), there exists a strong negative correlation between the
caudate nucleus volume and CSF ApB levels and between the
choroid plexus and CSF t-tau values. This pattern appears to be
specific for the asymptomatic stage while other regions present
only mild effects. The number of regions that present relevant
correlation between CSF biomarkers and brain morphology
increases at MCI stage. A typical AD-related pathophysiological
pattern is found in temporal lobe regions as well in other
AD-vulnerable regions, such as the precentral and the inferior
parietal, confirming previous findings in the literature [e.g., (35)].
This process is found in similar but fewer regions compared
to the analysis on the whole AD continuum, indicating the
spatial and temporal heterogeneity of the AD-signature. The joint
variability between disease biomarkers and brain morphology is
maximized at MCI stage, while at dementia stages this association
is completely lost. This result shows that MCI stage is particularly
interesting to study brain tissue deterioration due to Alzheimer’s
disease, while no clear pattern is found at early and late stages of
the AD continuum.

There are some limitations to this work. First, we report
preliminary results on the ADNI cohort and validation on
an independent cohort would be required to assess the
generalization of the results to other datasets as well as
to the general population. Second, the oversimplification on
the number of brain processes occurring in healthy adults’
brain, was grossly split into AD and non-AD processes. Age
and sex are used as the main confounders for non-AD
effects while we acknowledge that many other factors (e.g.,
environmental, genetic) might be added to the model (36).
CSF biomarkers are used as a proxy for AD effects considering
that amyloidosis, tauopathy, and neurodegeneration drive AD
pathology. However, many other comorbidities might be found
in AD subjects, especially at later stages (37). Nonetheless, the
work provides a methodology for the analysis of joint variation of
imaging and non-imaging features, and results, consistent with
the literature were found. New insights on brain morphology
along the AD continuum are also reported.

5. CONCLUSION

In this work studied the relationship between CSF biomarkers
and brain morphology that can be interpreted as the effect of
abnormal amyloid and tau levels in the brain. Unlike standard

hypothesis testing, PLS methods allow us to study normal aging
and AD effects on brain morphology using continuous markers
for both processes, instead of using a single categorical variable.
To describe AD stages, we used age and sex as confounders
for the normal aging model and CSF biomarkers to describe
the AD continuum. In order to specifically analyze the effect
regarding Alzheimer’s disease, we superimposed a condition by
which brain morphometry changes due to AD are properly
orthogonalized to those due to normal brain aging. Concretely,
we used Partial Least Squares Correlation (PLSC) to jointly
describe patterns of change in CSF and MRI by projecting
both spaces into correlated latent spaces. We found that CSF
values are relevant to describe brain morphology along the
AD continuum, both positively and negatively related to ROI
volumetric features. This relationship appears to be maximal at
MCI stage, while insignificant at late stages of dementia. CSF p-
tau and ¢-tau appear to drive most of the variability associated to
pathological processes being lined up with CSF AS. Overall, we
proposed a statistically robust framework that can unravel hidden
correlations between different measures of disease progression,
to characterize neurodegenerative processes that govern brain
morphology along the AD continuum.
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