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ABSTRACT

There is increasing evidence of different subtypes of individuals with mild cognitive impairment (MCI). An
important line of research is whether neuropsychologically-defined subtypes have distinct patterns of
neurodegeneration and cerebrospinal fluid (CSF) biomarker composition. In our study, we demonstrated
that MCI participants of the ADNI database (N = 640) can be discriminated into 3 coherent neuropsycho-
logical subgroups. Our clustering approach revealed amnestic MCI, mixed MCI, and cluster-derived normal
subgroups. Furthermore, classification modeling revealed that specific predictive features can be used to
differentiate amnestic and mixed MCI from cognitively normal (CN) controls: CSF AB14 concentration for the
former and CSF AB;_4» concentration, tau concentration as well as grey matter atrophy (especially in the
temporal and occipital lobes) for the latter. In contrast, participants from the cluster-derived normal sub-

CSF biomarker

Alzheimer’s disease neuroimaging initiative
(ADNI)

Machine learning

group exhibited an identical profile to CN controls in terms of cognitive performance, brain structure, and
CSF biomarker levels. Our comprehensive data analytics strategy provides further evidence that multimodal
neuropsychological subtyping is both clinically and neurobiologically meaningful.

© 2023 Elsevier Inc. All rights reserved.

1. Introduction (Alzheimer’s Association, 2019; Anderson, 2019). However, there is
considerable heterogeneity among the MCI-diagnosed individuals,
and not all of them are at risk for developing AD dementia later in
life. Some patients develop non-AD dementia or other neu-
ropsychiatric diseases (Slot et al., 2019). Others remain stable with

respect to neuropsychological performance (Overton et al., 2019) or

Mild cognitive impairment (MCI) is considered a transitional
stage between normal aging and Alzheimer’s disease (AD). There is
evidence that around 10%-15% of MCI patients progress to AD each
year, compared to 1%-2% in the healthy older adult population

Abbreviations: ABi.s2, 42 amino acid form of amyloid p peptide; AD, Alzheimer’s disease; ADAS-Cog, Alzheimer's Disease Assessment Scale-Cognitive Subscale; ADNI,
Alzheimer’s disease neuroimaging initiative; API, application programming interface; A/T/N, amyloid, tau, neurodegeneration; CDR, clinical dementia rate; CN, cognitively normal;
CDR, clinical dementia rating; CSF, cerebrospinal fluid; DSM, diagnostic and statistical manual of mental disorders; FAQ, functional activities questionnaire; FoV, field of view;
FWHM, full width at half maximum; GDS, geriatric depression scale; ICBM, international consortium for brain mapping; LATE, limbic-predominant age-related TDP-43 en-
cephalopathy; MCI, mild cognitive impairment; MMSE, Mini-Mental State Examination; MPRAGE, magnetization-prepared rapid gradient echo; MRI, magnetic resonance ima-
ging; OVR, one-versus-rest; PCA, principal component analysis; p-tau, phosphorylated tau at threonine 181; TDP-43, transactive response DNA binding protein of 43 kDa; T-tau,
total tau; TR, repetition time; TE, echo time; RAVLT, Rey Auditory Verbal Learning Test; ROI, region of interest; RR, risk ratio; SD, standard deviation; SPM, statistical parametric
mapping; TMT, trial making test; VFT, verbal fluency test; WMS-R, Wechsler memory scale-revised

* Corresponding author at: UMR-S 1075, INSERM/Université de Caen Normandie, COMETE (Mobilités : Vieillissement, Pathologie, Santé), Pole des Formations et de Recherche
en Santé, 2 rue des Rochambelles, CS 14032, Caen Cedex 5, France.

= Corresponding author at: UMR 5525, CNRS/Université Grenoble Alpes, TIMC (Recherche Translationnelle et Innovation en Médecine et Complexité), Bitiment Jean Roget,
Faculté de Médecine et Pharmacie, Place du Commandant Nal, 38700 La Tronche, France.
E-mail addresses: leslie.decker@unicaen.fr (L.M. Decker), fabien.cignetti@univ-grenoble-alpes.fr (F. Cignetti).
1 These authors contributed equally to this work.
2 Data used in preparation of this article were obtained from the Alzheimer’s disease neuroimaging initiative (ADNI) database (adni.loni.usc.edu). As such, the investigators
within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not participate in analysis or writing of this report. A complete listing of
ADNI investigators can be found at: http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf

0197-4580/© 2023 Elsevier Inc. All rights reserved.
https://doi.org/10.1016/j.neurobiolaging.2023.07.006


http://www.sciencedirect.com/science/journal/01974580
www.elsevier.com/locate/neuaging.org
https://doi.org/10.1016/j.neurobiolaging.2023.07.006
https://doi.org/10.1016/j.neurobiolaging.2023.07.006
https://doi.org/10.1016/j.neurobiolaging.2023.07.006
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neurobiolaging.2023.07.006&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neurobiolaging.2023.07.006&domain=pdf
mailto:leslie.decker@unicaen.fr
mailto:fabien.cignetti@univ-grenoble-alpes.fr
http://adni.loni.usc.edu
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf

J. Lefort-Besnard, M. Naveau and N. Delcroix et al./ Neurobiology of Aging 131 (2023) 196-208 197

even revert to normal cognitive functioning (Thomas et al., 2019a).
There is also a high rate of misdiagnosis using conventional diag-
nostic criteria based on the DSM-5, with many “false-positive” MCI
cases (Edmonds et al., 2019). This heterogeneity of MCI has led the
researchers to place great emphasis on subtyping or risk stratifica-
tion of MCI patients to identify those at increased risk of developing
AD and who constitute the optimal target population for therapeutic
interventions (Dams-0O’Connor et al., 2021; Winblad et al., 2016).

A common subtyping approach is to classify MCI individuals
based on their neuropsychological test scores. Early on, MCI parti-
cipants were staged into early and late MCI based on their level of
impairment on one memory measure, with the latter being more
impaired than the former. This “classical criteria” approach can be
seen in the North American Alzheimer’s Disease Neuroimaging
Initiative (ADNI) and in other samples (e.g., Jessen et al., 2014). This
approach has proven to be useful for staging MCI severity by de-
monstrating a higher risk of conversion to AD in individuals with
late MCI compared to those with early MCI. However, there are also a
number of limits to this approach, including the unreliability of
using a single neuropsychological test score to form subgroups,
leading to false-positive MCI cases (Edmonds et al., 2019; Thomas
et al., 2019b), as well as the low sensitivity for detecting non-am-
nestic forms of MCI (Jak et al., 2009). Researchers then developed
“comprehensive criteria” from which multiple subtypes of MCI were
identified based on performance on several tests covering a number
of cognitive domains (e.g., Bondi et al., 2014; Jak et al.,, 2009). They
consistently revealed an amnestic subtype (impaired memory), a
language or dysnomic subtype (impaired language), and a mixed
subtype (impaired memory, executive function, attention, verbal
fluency, and visuospatial function). It should be noted that, in some
studies, the dysexecutive subtype is distinguished from the mixed
subtype, with memory being affected only in the latter one; while, in
other studies, the mixed subtype is alternately labelled “dysex-
ecutive” or “mixed” depending on the authors, even when referring
to a subgroup with substantial impairment in overall cognitive
performance, including memory. In the present study, this specific
group will be referred to as “mixed MCI”. Interestingly, the mixed
MCI subtype has been repeatedly reported to have a higher rate of
progression to AD dementia than the other subtypes. More recently,
this finding has been consolidated by studies that empirically de-
rived the exact same subtypes (i.e., amnestic and mixed) using
cluster analysis performed on neuropsychological test data (Blanken
et al., 2020; Edmonds et al., 2016; Machulda et al., 2019).

Several studies further characterized the above neuropsycholo-
gically-defined MCI subtypes in terms of their underlying A/T/N
biomarkers, namely cerebrospinal fluid (CSF) beta-amyloid deposi-
tion (“A”), pathological tau (“T”), and neurodegeneration (“N”), as
assessed from structural MRI. The objective of using the A/T/N fra-
mework for AD research (Jack et al., 2016) was to better understand
the potential etiological distinctions underlying the MCI subtypes.
Overall, patterns of grey matter atrophy among the MCI subtypes
were found to correspond to their profiles of cognitive impairment.
Amnestic MCI individuals were reported to have smaller hippocampi
(He et al., 2009). Medial temporal lobe thinning was found in both
the amnestic and dysnomic subtypes (Edmonds et al., 2016;
Whitwell et al., 2007). Lateral temporal lobe atrophy was also found
in the dysnomic subtype. A widespread pattern of grey matter
atrophy spanning parietal, temporal, and frontal regions was re-
ported in the mixed MCI subtype (Dickerson and Wolk, 2011;
Edmonds et al., 2016). Regarding CSF biomarker levels (i.e., p-tau and
AB1_42), the mixed subtype showed a greater proportion of in-
dividuals with positive CSF AD biomarkers than the dysnomic and
amnestic subtypes (Edmonds et al., 2015a). In sum, these results
tend to support the idea that MCI subtypes are rather distinct in
terms of their biological and cerebral injury biomarkers.

A recent study by Kwak and colleagues (2021) addressed the op-
posite question as to whether heterogeneity in brain atrophy patterns
of MCI individuals could allow the identification of biologically and
clinically meaningful subgroups. They reported one MCI subgroup in
which the pattern of brain atrophy resembled that of AD patients
(MCI-AD) and another MCI subgroup in which grey matter was similar
to that of healthy individuals (MCI-CN). The rate of progression to AD
for the MCI-AD subgroup was higher than for the MCI-CN. In terms of
biological features, they reported marked differences between MCI-
AD and MCI-CN subgroups, including especially more elevated tau
and beta-amyloid burden in MCI-AD compared to MCI-CN. On the
other hand, they found only a limited degree of overlap between these
2 MRI-derived (atrophy-centered) subgroups and those empirically
derived from neuropsychological test scores, including the amnestic,
dysnomic and mixed ones. Thus, whether or not neuropsychological
profiles of MCI patients correspond to real distinct biological subtypes
is still an open question.

In the present study, we pursue the question of the correspon-
dence between MCI subtypes derived from neuropsychological as-
sessment and their underlying patterns of neurodegeneration and
CSF biomarker composition. For this purpose, using the ADNI data
(640 MCI and 326 cognitively normal (CN) controls), we investigated
the accuracy with which brain (i.e. grey matter) atrophy, on the one
hand, and CSF beta-amyloid and tau levels, on the other hand, can
predict neuropsychological subtypes of MCI. If predictive models
derived from A/T/N biomarkers perform well in classifying neu-
ropsychological profiles of MCI, then such findings will provide
compelling evidence of concordance between neuropsychological
and neurobiological subtypes. More broadly, the study will provide
valuable information about the neuropsychological and neurobio-
logical fingerprintings of MCI, and, by extension, about the need (or
not) to profile patients on the basis of multi-modal assessments.

2. Methods
2.1. Participants

Data used in the preparation of this article were obtained from
the ADNI database (adni.loni.usc.edu). The ADNI was launched in
2003 as a public-private partnership, led by Principal Investigator
Michael W. Weiner, MD. The primary goal of ADNI has been to test
whether serial magnetic resonance imaging (MRI), positron emis-
sion tomography, other biological markers, and clinical and neu-
ropsychological assessment can be combined to measure the
progression of MCI and early AD. Written informed consent was
obtained from all participants or authorized representatives parti-
cipating in the study. For more information, including criteria for
eligibility, see http://www.adni-info.org. To be included in this work,
each participant must have a status of MCI or cognitively normal
(CN). CN participants showed no signs of depression, mild cognitive
impairment, or dementia. ADNI criteria for MCI were: (1) subjective
memory concern as reported by the participant, their study-partner
or clinician, (2) abnormal memory function documented by scoring
within education-adjusted ranges on delayed free recall of story A
from the WMS-R Logical Memory II subtest, (3) Mini-Mental State
Examination score between 24 and 30, (4) global Clinical Dementia
Rating score of 0.5, with a Memory Box score of at least 0.5, and (5)
general cognition and functional performance sufficiently preserved
so that a diagnosis of AD could not be made. Included participants
must also have a usable T1 scan (i.e., the image successfully passed
preprocessing steps as well as visual quality assessment), usable CSF
biomarker levels (no missing or not-a-number quantity), as well as a
usable score on each questionnaire used in our study (no missing or
not-a-number score). A total of 966 participants met these
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Table 1

Information about the included ADNI participants
Diagnosis N total N male N female Age mean (SD) N ADNI 1 N ADNI 2
Ml 640 376 264 73.42(7.66) 374 266
CN 326 162 164 75.15(5.57) 211 115

Sex and age were heterogeneous across groups, X2(8, N = 966) = 23.67, p < 0.01, and, F(3, 962) = 16.74, p < 0.001, respectively. These variables were treated as confounding

variables in the manuscript analyses.

Key: ADNI, Alzheimer’s disease neuroimaging initiative; CN, cognitively normal; MCI, mild cognitive impairment.

conditions and were therefore included in our study. See Table 1 for
more information.

2.2. Neuropsychological assessment

All MCI participants in ADNI underwent a neuropsychological
assessment at baseline (visit at 1 month from the screening in the
ADNI protocol). The ADNI database provided the raw results of this
assessment. For our study, we selected a list of neuropsychological
tests according to 2 criteria: (1) the test scores must not be missing
and be a valid value, and (2) the test scores must have been used in
previous studies using clustering (Edmonds et al., 2019; Park et al.,
2012) in order to allow comparison of results. Neuropsychological
test scores meeting these 2 criteria were included in our analysis.
These tests included 3 measures of language: Animal Fluency Test,
Boston Naming Test, the item Naming Objects and Fingers of the
Alzheimer’s Disease Assessment Scale-Cognitive Subscale (ADAS-
Cog) (Rosen et al., 1984), 2 measures of executive function: Trial
Making Test: score A and score B minus A, 2 measures of visuo-
spatial ability: Constructional Praxis Task and Ideational Praxis Task
of the ADAS-Cog, and 7 measures of memory: Word Recognition Task
of the ADAS-Cog, Logical Memory II (Chelune et al., 1990), and short
delayed recall, long delayed recall, recognition, learning and for-
getting items of the Rey Auditory Verbal Learning Test (Rey, 1958).
Neuropsychological test scores, for which a lower score represents
better performance, were multiplied by minus one, so that a higher
score represents better performance. All scores were then trans-
formed into z-scores by mean centering and unit-variance scaling.

2.3. Image acquisition

Processing: The structural brain image was acquired for all par-
ticipants (n = 966) with an anatomical 3D T1-weighted MPRAGE
sequence. The sequence specifications of ADNI 1 session were
TR = 3000 ms, TE = 3.6 ms, FoV = 192 x 192 mm?, flip angle = 8°, voxel
resolution = 13 x 13 x 13 mm? and for ADNI 2 session
TR = 2300 ms, TE = 3 ms, FoV = 256 x 256 mm?, flip angle = 9°, voxel
resolution = 1 x 1 x 1 mm?>, The brain tissue was segmented into grey
matter, white matter, and cerebrospinal fluid. Structural MRI data
were preprocessed using SPM12 (https://www.fil.ion.ucl.ac.uk/spm/
software/spm12/) toolbox implemented in Matlab 2022a
(MathWorks, Inc., Natick, MA) to derive voxel-wise grey matter vo-
lumes for each participant. Standard settings of SPM12 were used for
the preprocessing steps (Diffeomorphic Anatomic Registration
Through Exponentiated Linear normalization to the ICBM-152 tem-
plate, affine and non-linear spatial normalization). The images were
segmented into grey matter, white matter, and cerebrospinal fluid,
and modulated with Jacobian determinants. Finally, the modulated
grey matter images were smoothed with an 8-mm isotropic FVHM
Gaussian kernel. Volume extraction: Using the probabilistic
Harvard-Oxford Cortical Structural lateralized atlas
(RRID:SCR_001476) available from Scikit-learn (Pedregosa et al.,
2011, using the argument “cort-maxprob-thr25-2mm”), quantitative
measures of grey matter volume were extracted within the 96

macroscopic brain structures labeled in this atlas in every partici-
pant. For the extraction of relevant signal from the structural brain
data, the total of 96 regions served as topographic masks to sum the
volume information across the voxels belonging to a given region. All
region-wise structural grey matter volumes were transformed into
z-scores by mean centering and unit-variance scaling. Variance ex-
plained by total intracranial volume, age and sex were regressed out
based on a glm approach (Friston et al., 1994). We also implemented
the Combat harmonization method to robustly adjust data for site
effects (Fortin et al., 2016, Johnson et al., 2007).

2.4. Collection of cerebrospinal fluid (CSF) biomarkers

The ADNI database provided the raw CSF levels of beta-amyloid
plaques (AfR;_4), total tau (t-tau), and tau phosphorylated at
threonine 181 (p-tau). In this work, these 3 biomarker levels were
recorded for each included participant. They were selected according
to the A/T/N framework, which was proposed to differentially assess
the likelihood of progression to AD dementia at the MCI stage. “A”
refers to beta-amyloid deposition (AB;_42), “T” refers to pathological
tau, and “N” to neurodegeneration (Jack et al., 2016). More details of
the CSF collection and measurements in the ADNI can be found in
Shaw and colleagues (2009). All biomarkers were transformed into
z-scores by mean centering and unit-variance scaling.

2.5. Identifying hidden group structure: hierarchical clustering

We applied a hierarchical clustering algorithm (agglomerative) to
automatically partition patient neuropsychological profiles into
homogeneous groups using the standardized (z-scored) neu-
ropsychological scores from all MCI participants (n = 640).
Hierarchical clustering is a general family of clustering algorithms
that build nested clusters by merging or splitting them successively
(Karkkdinen et al. 2020). This hierarchy of clusters is represented as
a tree (or dendrogram, see Fig. 1). The root of the tree is the unique
cluster that gathers all individuals, while the leaves are clusters with
only one individual. Here, agglomerative clustering was performed
using a bottom-up approach: each observation starts in its own
cluster, and clusters are successively merged together. The metric
used for the merge strategy was the sum of squared differences
within all clusters (Ward’s method), which here was minimized. This
is a variance minimization approach and, in this sense, is similar to
the objective k-means function, but tackled with an agglomerative
hierarchical approach. In contrast to previous approach, agglom-
erative clustering is a method identifying one-to-many mappings
(Bzdok and Yeo, 2017): each patient is a member of exactly one
group. We used "NbClust"(Charrad et al,, 2014), an established R
package that simultaneously applied 30 cluster validity metrics. This
approach provided complementary indications on the number of
groups most supported by the patient data. That is, several clus-
tering schemes were evaluated while varying the number of clusters,
to help determining the most appropriate number of clusters for our
dataset. These metrics included, for example, the Duda index, the C-
index, and the Gamma index. Please, see the reference above for the
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Fig. 1. Automatic extraction of 3 MCI clusters. Three subgroups were extracted from a cohort of 640 MCI patients. Polar plot (A) shows the z-score for each neu-
ropsychological test included in the clustering procedure. The grey lines represent each extracted cluster (from darker to lighter: mixed MCI, amnestic MCI, and cluster-derived
normal) while the dotted black line represents the z-score of cognitively normal (CN) controls. A higher score represents a greater performance. Dendrogram (B) shows the best
clustering scheme, 3 subgroups according to 30 metrics, extracted from a hierarchical clustering based on a cohort of 640 MCI participants. In sum, among participants diagnosed
with MCI, we could extract 3 specific subtypes, the mixed MCI subtype scoring low on all tests, the amnestic MCI subtype, scoring low on tests assessing memory, and the cluster-
derived normal subtype, scoring mostly like CN controls except for the logical memory II. Abbreviation: MCI, mild cognitive impairment.

full list of metrics. Among the 30 metrics and according to the ma-
jority rule, the best number of clusters was 3 (see Supplementary
Table 1). Therefore, 3 groups of patients with distinct neu-
ropsychological profiles were automatically extracted as it provided
a useful fit to our clinical sample.

2.6. Risk ratio of developing Alzheimer's disease

ADNI participants were followed and reassessed over time to
track the diagnosis change. We thus scanned the recorded diagnoses
and kept track of individuals who were eventually diagnosed with
AD. We then used this information to compute the risk ratio (RR) in
order to assess the risk of developing AD in each extracted MCI
subgroup compared to CN controls. RR was defined as: RR = Cle/Clu,
where Cle is the cumulative incidence in the exposed group (i.e.,
each MCI subgroup), and Clu is the cumulative incidence in the
unexposed group (i.e., the control group).

2.7. Machine learning prediction of cluster membership from structural
brain measures

The relative importance of grey matter volumes to predict
membership in each MCI cluster versus CN controls was analyzed
capitalizing on a pattern-learning algorithm L2-penalized logistic
regression (Hastie et al., 2009). Unlike the common logistic regres-
sion, the L2-penalized logistic regression variant has an additional
constraint used to reduce the chances of overfitting, which can
render the models’ prediction of future observation unreliable. The
L2-penalized logistic regression estimated the separating hyper-
plane (i.e., a linear function) yielding out-of-sample accuracies for
distinguishing between MCI patients of each cluster and CN controls.
Model-fit and accuracy estimation were carried out as a 5-fold cross-
validation procedure. Class imbalance, if present, was handled by
changing the class-weight of the scikit-learn logistic regression API.
The “balanced” mode uses the class membership to automatically
adjust weights inversely proportional to class frequencies. The

outcome to be predicted was defined by being healthy (0) or being
an MCI patient from one of the 3 extracted clusters (1). In other
words, 3 models were adjusted using grey matter volumes as input
with a first model predicting cluster-derived normal versus CN
controls, a second model predicting amnestic MCI versus CN con-
trols, and a third one predicting mixed MCI versus CN controls. This
way of engineering transformed a 4-class problem into 3 2-class
problems. In sum, this quantitative investigation detected whether
grey matter volumes would be predictive of cluster belonging. As a
supplementary analysis, the relative importance of grey matter vo-
lumes to predict membership of MCI clusters was analyzed lever-
aging the one-versus-rest (OvR) L2-penalized logistic regression
(Pedregosa et al., 2011). Unlike the first sets of analyses, the binary
case was extended to a 3-classes problem (i.e., the 3 extracted MCI
clusters). That is, instead of distinguishing between CN controls and
a MCI cluster, the model will estimate the decision surface yielding
out-of-sample accuracies for distinguishing between the 3 MCI
subgroups. Similar settings as for the previous analysis were chosen.

2.8. Machine learning prediction of cluster membership from CSF
biomarker measures

In order to allow for results comparison, the same algorithm was
used in the previous setting and this one. This time, the L2-penalized
logistic regression used 3 CSF biomarker level (A3;_45, t-tau and
p-tau) as feature input to estimate the separating hyperplane for
distinguishing between MCI patients of each cluster and CN controls.
Again, we deployed a 5-fold cross-validation procedure and handled
class-imbalance if present. The outcome to be predicted were ex-
actly the same as in the previous setting. That is, being healthy (0) or
being an MCI patient from 1 of the 3 extracted clusters (1). Thus, 3
models were adjusted using CSF biomarker levels as input with a
first model predicting cluster-derived normal versus CN controls, a
second model predicting amnestic MCI versus CN controls, and a
third one predicting mixed MCI versus CN controls. In sum, this
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Table 2

Information about the MCI subgroups
Group Ntotal Nmale Nfemale AgeM(SD) NADNI1 NADNI2 GDSM(SD) CDRM(SD) FAQM (SD) MMSE M (SD)
Cluster-derived normal 139 64 75 70.73 (7.58) 49 90 1.83 (1.6) 0.5 (0) 1.59 (3.1) 28.53 (1.32)
Amnestic MCI 207 141 66 73.04 (7.58) 110 97 1.49 (1.32) 0.497 (0.03)  2.93(3.6) 27.64 (1.76)
Mixed MCI 294 171 123 74.97 (7.37) 215 79 1.72 (1.37) 0.5 (0.04) 5.36 (5.3) 26.75 (1.79)

Subgroups were mapped with their scores on clinical scales to further evaluate if they reflected different stages along the course of AD or corresponded to distinct MCI
phenotypes. MMSE and the FAQ scores were significantly different between MCI subgroups (respectively F[2, 637]=54.91, p < 0.001, and F[2, 637]=39.50, p < 0.001). Tukey’s
tests revealed that for both the MMSE and FAQ questionnaires, mixed MCI scored more severely (higher for the FAQ, lower for the MMSE) than amnestic MCI, which in turn scored

more severely than cluster-derived normal (p < 0.05).

Key: AD, Alzheimer’s disease; ADNI, Alzheimer’s disease neuroimaging initiative; CDR, clinical dementia rating; MCI, mild cognitive impairment; MMSE, mini-mental state

examination.

quantitative investigation detected if CSF biomarker levels would be
predictive of cluster belonging.

As done previously, the relative importance of CSF biomarker
levels to predict membership of MCI clusters was analyzed lever-
aging the OVR L2-penalized logistic regression (Pedregosa et al.,
2011). The model will therefore estimate the decision surface
yielding out-of-sample accuracies for distinguishing between the 3
MCI subgroups according to their CSF biomarker levels.

2.9. Testing for significance

Three models based on grey matter volumes and 3 other models
based on CSF biomarker levels were conducted separately. Statistical
significance for weights in each of the 6 final models was assessed
based on (family wise error, multiple-comparison corrected) p -va-
lues derived through a rigorous non-parametric permutation ap-
proach using the model weights as the test statistic (Efron, 2010;
Nichols and Holmes, 2002). Relying on minimal modeling assump-
tions, a valid null distribution was derived for the achieved weights
resulting from the logistic regression fit. In 1000 permutation
iterations, the input feature matrix (consecutively brain regions
volume and CSF biomarker levels) was held constant, while the class
membership (CN controls versus each cluster) underwent partici-
pant-wise random shuffling. The empirical distribution generated in
this manner reflected the null hypothesis of random association
between the input features and class membership across partici-
pants. The beta coefficients were recorded in each iteration. The p
values were obtained given the distance between the original beta
values and the mean beta values obtained during the permutation
iterations.

Similarly, the significance of both the accuracies and the coeffi-
cients was assessed for the 2 OvR models (i.e., using grey matter
volumes and CSF biomarker levels) using the same permutation
approach.

2.10. Testing for complex relationships among features in the prediction
models

We completed further analyses (1) to compare the performance
of the logistic regression with other linear models, and (2) to assess
whether non-linear models would reach a higher accuracy than
linear models, in predicting MCI individuals (mixed MCI, or amnestic
MCI, or cluster-derived normal) against CN controls. See
Supplementary Methods and Results for details.

2.11. Code availability

Python was selected as the scientific computing engine. Scikit-
learn (Pedregosa et al.,, 2011) provided efficient, unit-tested im-
plementations of state-of-the-art statistical learning algorithms
(http://scikit-learn.org). All analysis scripts of the present study are

readily accessible to the reader online (https://github.com/
JLefortBesnard/MCI_cluster_prediction).

3. Results
3.1. Identifying hidden group structure: hierarchical clustering

To explore distinct subgroups related to cognitive test assessment
patterns among MCI patients, each patient was automatically as-
signed to one dominant symptom constellation based on a number
of cognitive tests. This data-driven exploration revealed 3 distinct
symptom clusters (see Fig. 1A and B) grouping the MCI patients: a
mixed MCI subgroup (294 MCI patients) harbored low scores at al-
most every test (maximum 0.6 points on average), an amnestic MCI
subgroup (207 MCI patients) scored low only on test assessing
memory (maximum 1 point on average), and a cluster-derived
normal subgroup (139 MCI patients) included MCI patients with a
scoring profile virtually identical to CN controls (at least 1 point on
average) except for one test, the logical memory II. More details
about each subgroup’s characteristics can be found in Table 2.

3.2. Repartition of MCI patients developing Alzheimer's disease

Progression to AD amounted to 28 out of 326 participants in the
CN control subgroup, 14 out of 139 participants in the cluster-de-
rived normal subgroup, 78 out of 207 participants in the amnestic
MCI subgroup, and 190 out of 294 participants in the mixed MCI
subgroup (see Fig. 2A and B). The occurrence of AD was different
across CN controls and the 3 MCI subgroups (X2[8, N=966] =259.32,
p < 0.001). Bonferroni corrected post-hoc examinations revealed a
larger occurrence of AD in the mixed MCI subgroup compared to the
amnestic subgroup (X2?[4, N=533]=67.26, p < 0.001), as well as in
the amnestic MCI subgroup compared to the cluster-derived normal
subgroup (X?[4, N=620]=212.92, p < 0.001). No difference in AD
occurrence was found between CN controls and cluster-derived
normal. Thus, the RR increases from cluster-derived normal
(RR=1.17) to amnestic MCI (RR=4.39) individuals and from am-
nestic MCI to mixed MCI (RR=7.52) individuals (see Fig. 2C).

3.3. Prediction of MCI subtypes versus CN controls based on grey matter
volumes

We explored the hypothesis that grey matter volumes may pre-
dict MCI subgroup membership. A regularized logistic regression
was used to automatically identify regions of interest (ROI) with a
high discriminant value for distinguishing CN controls from each
MCI subgroup (see Fig. 3A and C). Our analysis strategy revealed that
only the mixed MCI subgroup was distinguishable from CN controls
using grey matter volumes. The mean accuracy of the classification
was 70.94% with a standard error of 1.60% (see also confusion matrix
in Supplementary Fig. 1). There were 6 ROIs (p < 0.05) that
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Fig. 2. Risk ratio of MCI patients developing Alzheimer's. Scatter plot (A) displays the participant first and second component of a PCA analysis on the neuropsychological tests
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Alzheimer’s disease neuroimaging initiative; MCI, mild cognitive impairment. (For interpretation of the references to color in this figure legend, the reader is referred to the Web
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consistently contributed to predicting mixed MCI. These ROIs in-
cluded the left occipital fusiform gyrus (weight=0.77), the right
(weight=1.07) and left (weight=1.17) parahippocampal gyrus
anterior, the left middle posterior temporal gyrus (weight=0.99),
the left occipital pole (weight = -1.04), and the right (weight =-0.90)
parahippocampal gyrus posterior (see Fig. 4A).

3.4. MCI cluster membership prediction based on grey matter volumes

As a follow-up analysis, we evaluated how grey matter volume
may predict MCI subgroup membership. A regularized OvR logistic
regression was used to automatically identify ROI with a high dis-
criminant value for distinguishing each MCI subgroup (see Fig. 5,
upper part). The mean accuracy of the averaged OvR models, in-
corporating only structural MRI data, was 43.38% (chance level =
33.33%) with a standard error of 3.90%, and was significant
(p < 0.05). Our analysis strategy revealed 11 significant ROIs
(p < 0.05). These ROIs included the left inferior temporal gyrus,
anterior division, the left lateral occipital cortex, inferior division, the
left middle temporal gyrus, posterior division, the left occipital pole,
the left paracingulate gyrus, the left parahippocampal gyrus, ante-
rior division, the right cingulate gyrus, posterior division, the right
paracingulate gyrus, the right parahippocampal gyrus, anterior di-
vision, the right supracalcarine cortex, and the right temporal fusi-
form cortex, anterior division (see Table 3 for further details).
Examination of the confusion matrix (Supplementary Fig. 2) shows
that mixed MCI were better classified than the 2 other subgroups.

While 3 of these ROIs were also significant in the CN controls versus
mixed MCI analysis, most significant ROIs were located in similar
brain areas in both analyses.

3.5. MCI cluster prediction versus CN controls based on CSF biomarker
levels

We then analyzed the relative importance of the level of Ap;_42, t-
tau, and p-tau for distinguishing CN controls from each MCI sub-
group (see Fig. 3A and B). Our findings indicated a significant pre-
diction accuracy for discriminating both the mixed MCI (70.88% +/-
2.06%) and amnestic MCI (63.35% +/- 2.32%) subgroup from CN
controls. However, our model did not perform better than the
chance to distinguish CN controls from the cluster-derived normal
subgroup. Only the weight associated with the level of AB;_4
(coefficient = 0.39) was significant in predicting amnestic MCI pa-
tients while both the level of AB;_4> (coefficient=0.67) and Tau
(coefficient = -0.78) were significant in predicting mixed MCI pa-
tients (see Fig. 4B).

3.6. MCI cluster membership prediction based on CSF biomarker levels

Finally, we evaluated how CSF biomarker levels may predict MCI
subgroup membership. A regularized OvR logistic regression was
used to automatically identify CSF biomarkers with a high dis-
criminant value for distinguishing each MCI subgroup (see Fig. 5,
lower part). The mean accuracy of the averaged OvR models,
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Table 3
Significant ROI weights for the multiclass OvR analysis
Cluster-derived normal Amnestic MCI Mixed MCI
Left Middle Temporal Gyrus, posterior division 0.75 -0.84
Left Inferior Temporal Gyrus, anterior division -0.84
Left Lateral Occipital Cortex, inferior division 0.74
Left Paracingulate Gyrus 0.99 -0.88
Right Paracingulate Gyrus -115
Right Cingulate Gyrus, posterior division -0.93
Left Parahippocampal Gyrus, anterior division 0.83
Right Parahippocampal Gyrus, anterior division 0.77
Right Temporal Fusiform Cortex, anterior division -0.78
Right Supracalcarine Cortex -0.92
Left Occipital Pole -0.87

Key: MCI, mild cognitive impairment; OVR, one-versus-rest; ROI, region of interest.

incorporating only CSF biomarker level data, was 45.89% (chance 4. Discussion

level =33.33%) with a standard error of 4.53% and was also sig-

nificant (p < 0.05). Our analysis strategy revealed 2 significant CSF Our study uncovered 3 partitions of discrete neuropsychologi-
biomarkers (p < 0.05), namely Ap;_4> and Tau levels (see Table 4 for cally-based MCI profiles. The first extracted MCI profile was similar
further details). These 2 CSF biomarkers were also significant in the to CN controls in terms of grey matter volumes, CSF biomarker le-
CN controls versus mixed MCI analysis while CSF AB;_4, level was vels, neuropsychological test scores, as well as risk of developing
also significant in the CN controls versus amnestic MCI analysis. Alzheimer’s disease. The 2 other extracted MCI profiles showed re-
Examination of the confusion matrix (Supplementary Fig. 2) shows gional grey matter volume reductions and abnormal CSF biomarker
that mixed MCI and cluster derived-normal were better classified levels, allowing their discrimination from CN controls, and were also
than the amnestic MCI subgroup. more at risk of developing Alzheimer’s disease. These results support
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Table 4
Significant CSF biomarker weights for the multiclass OvR analysis
Cluster-derived normal Amnestic MCI Mixed MCI
Tau 0.47
Ap1-42 0.42 -0.34
Key: Ap, beta-amyloid; CSF, cerebrospinal fluid; MCI, mild cognitive

impairment; OVR, one-versus-rest.

the conclusion that MCI subtypes derived from neuropsychological
test scores have relatively clear biological - grey matter volumes and
CSF features - boundaries.

4.1. Subtyping patients with MCI using neuropsychological test scores

Our clustering method revealed two distinct, clinically mean-
ingful subgroups of MCI patients: a mixed MCI profile with poor
performance on memory, language, executive and visuo-spatial
functions, and an amnestic MCI profile with memory being the only
impaired domain. A third profile also came out, with a neu-
ropsychological profile similar to CN controls. In general, these latent
profiles are consistent with those reported in a number of previous
studies that also applied clustering methods on a standardized set of
neuropsychological tests measuring multiple domains of cognitive
functioning (Blanken et al., 2020; Bondi et al., 2014; Edmonds et al.
2015a; Eppig et al., 2017). However, there are also studies that re-
vealed additional profiles to the above-mentioned core MCI profiles,
including dysexecutive, visuo-spatial or dysnomic profiles (Edmonds
et al,, 20153, 2016; Kwak et al., 2021). Factors that can explain such
variations in the profiles are the criteria used to define MCI (prior to
the clustering analysis) as well as the set of neuropsychological test
scores included in the cluster analysis. For instance, in addition to
the amnestic, mixed, and cluster-derived normal profiles, Clark et al.
(2013) also reported dysexecutive and visuo-spatial subtypes.
However, in their study, inclusion as MCI was not based on the
conventional diagnostic criterion (as in our study), but rather on a
specific criterion that required poor performance on at least 2
measures within a cognitive domain. In addition, they used items
from the Wechsler Intelligence Scale and Wechsler Memory Scale
while we used items from the ADAS-cog for assessing visuospatial
function. Likewise, studies that reported dysnomic MCI subtype as-
sessed language from animal fluency and 30-item Boston Naming
Test (Edmonds et al., 2015a; Kwak et al., 2021), while we further
included the item Naming Objects and Fingers of the ADAS-Cog. An
additional factor that may explain discrepancies between studies is
the stability of the chosen clusters. We used multiple distance me-
trics (n =30, through the nbclust R package) to assess the most stable
number of clusters in our sample while a single metric is usually
chosen in other studies. Accordingly, we are confident that the
choice of 3 clusters was the most consistent and optimal solution to
get non-overlapping homogeneous subgroups. It is noteworthy that
the higher risk of Alzheimer’s dementia observed in the mixed MCI
subgroup compared to the amnestic MCI subgroup and the normal
risk level of the cluster-derived normal subgroup provided clinical
validity to this clustering scheme. From a clinical standpoint, the
existence of these MCI subtypes illustrates the problem of diag-
nosing individuals on the basis of a single test in the memory do-
main, here the WMS-R Logical Memory Test in the ADNI study. First,
it places individuals suffering solely from memory deficits side by
side with individuals suffering from multi-domain cognitive deficits,
who are at different risks of progression to dementia. Second, it
leads to false positive MCI diagnoses. Accordingly, and in line with
previous recommendations (eg., Edmonds et al., 2015a; Jak et al,,
2009; Thomas et al., 2019b), MCI diagnosis should include a multi-

domain neuropsychological assessment and avoid the ‘“one test
equals one domain” methodology.

4.2. Prediction of MCI subtypes from regional grey matter volumes

We automatically assessed the extent to which each MCI sub-
group could be differentiated from CN controls based on regional
grey matter volumes. Significant accuracy (71%) was obtained only
for predicting the mixed MCI subgroup compared with CN controls.
This finding suggests that the amnestic MCI subgroup and the
cluster-derived normal subgroup have a brain structure more similar
to CN controls. While the similarity of regional grey matter volumes
in the cluster-derived normal MCI subtype and CN controls confirms
the conclusion of previous studies drawn from cortical thickness
(Blanken et al., 2019; Clark et al., 2013; Edmonds et al., 2016, 2020),
that between the amnestic MCI subgroup and CN controls may ap-
pear surprising.

Edmonds et al. (2016, 2020) found cortical differences between
these 2 populations (i.e., amnestic MCI and CN controls) in the
medial and lateral temporal lobe regions bilaterally as well as in
some parietal and frontal regions. Machulda et al. (2020) also found
differences in the medial temporal regions. Sun et al. (2019) reported
decreased cortical thickness in medial orbitofrontal, para-
hippocampal, and precuneus in amnestic MCI individuals. The dis-
crepancy between these findings and ours is presumably due to
differences in methodology. Indeed, previous research has focused
on brain structure differences in an explanatory way (i.e., modeling
for inference using statistical significance) whereas, in our study, we
sought to find predictive patterns (i.e., modeling for prediction using
cross-validation). In particular, there is evidence that successful
prediction is often associated with a significant p-value, but not vice
versa (Bzdok et al., 2020). Hence, previous brain structure impair-
ments reported in amnestic MCI individuals may have rather poor
predictive performance. Accordingly, brain structure should not be
regarded as an indicator of main importance to detect amnestic MCI.
This proposal is further supported by other studies, albeit with a
rather small sample size (respectively 49 and 29 amnestic MCI), that
used an explanatory approach and found no differences in brain
structure between amnestic MCI individuals and CN controls (Xue
et al,, 2021; Yang et al., 2019).

Regarding mixed MCI, a total of 6 ROIs with decreased grey
matter volume significantly contributed to the prediction perfor-
mance. These ROIs included 2 regions from the occipital lobe,
namely the left occipital fusiform gyrus and the left occipital pole,
and 4 regions from the temporal lobe, including the right and left
anterior parahippocampal gyrus, the right posterior para-
hippocampal gyrus, and the left middle posterior temporal gyrus.
Note that the weights of 3 of these 6 ROIs (the left middle posterior
temporal gyrus, the left anterior parahippocampal gyrus, and the
left occipital pole) were systematically significant across the linear
model benchmark analysis, suggesting a more robust predictive
value for these 3 ROIs (see Supplementary Table 2). Hence, atrophy
in temporal and occipital regions had predictive value for deli-
neating mixed MCI individuals from CN controls. While wide-
spread atrophy of temporal regions is a typical finding in mixed
MCI (Edmonds et al., 2020; 2016; Ghosh et al., 2014; Johnson et al.,
2010; Junquera Fernandez et al., 2020; Kwak et al., 2021; Machulda
et al., 2020.), occipital regions are usually only marginally affected
in these individuals. Indeed, it is generally accepted so far that
atrophy of the occipital cortex is characteristic of the later stages of
Alzheimer’s disease (Braak and Braak, 1991). Furthermore, im-
paired perfusion of the occipital lobe has been proposed as a de-
termining marker of dementia with Lewy Bodies, but not really of
Alzheimer’s disease (Hanyu et al, 2006; Prosser et al.,, 2017).
Hence, a striking and novel finding of our study is that grey matter
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volume in the occipital cortex is affected as early as the MCI stage.
Interestingly, our findings are in line with a recent conclusion that
loss of grey matter integrity in the lateral and medial temporal
lobes, as well as in the occipital lobe, is responsible for cognitive
decline in vulnerable individuals experiencing the deleterious ef-
fects of elevated brain amyloid and poor vascular health (Saboo
et al., 2022). Hence, atrophy of the temporal and occipital lobes
may be very valuable marker of cognitively vulnerable individuals.
On the other hand, the above-mentioned studies on mixed MCI
reported significant grey matter loss in parietal and frontal regions,
which were not found to be particularly predictively relevant in
our study.

Multiclass classification further revealed that MCI and cluster-
derived normal subgroups can be dissociated (43.38%, chance
level = 33.33%) from each other on the single basis of regional grey
matter volumes. ROIs that were most contributing to classification
were mainly located in temporal, occipital, and parahippocampal
regions, providing further support to the above-mentioned idea
that these cortical regions are affected early during the prodromal
stage of AD. Among the predictive ROIs, it is also worth men-
tioning the posterior division of the right cingulate gyrus, which is
documented to be disrupted as early as the MCI stage (Scheff et al.,
2015), and demonstrates early beta-amyloid deposition in the
progression of AD (Ingala et al., 2021). The multiclass confusion
matrix results showed that the mixed MCI subgroup was better
predicted than the 2 other subgroups, suggesting a more distin-
guishable grey matter pattern. This discrepancy is in line with the
previous analysis showing that only mixed MCI individuals were
distinguishable from CN controls based on their grey matter vo-
lumes.

Finally, note that we emphasized our discussion on ROIs with the
highest and most robust weights as automatically optimized by the
model (i.e., L2-penalized logistic regression). However, it is im-
portant to keep in mind that any classifier chooses to shrink a ROI
coefficient because it provides little or no additional information on
top of the other ROIs. Therefore, ROIs with small weights may still be
related to the outcome.

4.3. Predictive value of CSF biomarkers to distinguish MCI patients from
CN controls

CSF biomarkers were useful to significantly differentiate (72%
accuracy) between mixed MCI patients and CN controls. In parti-
cular, the weights associated with the concentration of AB;_4> and
concentration of t-tau were significant. That is, these 2 features
were repeatedly informative for telling apart both groups. In pa-
tients, the concentration of Ap;_4, was lower while the con-
centration of t-tau was higher compared to CN controls. CSF
biomarkers were also effective to significantly distinguish amnestic
MCI from CN controls (63% accuracy). This time, only the weight
associated with the concentration of Ap;_4> was significant, sug-
gesting that the concentration of AB;_4> was the most contributing
feature for the prediction. Furthermore, classification of cluster-
derived normal, amnestic MCI, and mixed MCI subgroups was
significant (45.89%, chance level =33.33%). Significant CSF bio-
marker level weights were those for AB;_4> and t-tau, suggesting
that these 2 biomarkers were again highly contributing to the
classification. The multiclass confusion matrix results showed that
the cluster-derived normal and the mixed MCI subgroups were
more distinguishable than the amnestic MCI subgroup, which is
also in line with the previous analysis. Indeed, mixed MCI in-
dividuals were more distinguishable from CN controls than am-
nestic MCI individuals, who in turn, were more distinguishable
from CN controls than cluster-derived normal individuals. It was
therefore easier for the model to tell apart the 2 most different

subgroups. Overall, these results are in line with several previous
studies that have examined biomarker characteristics in empiri-
cally derived subtypes of MCI and concluded that MCI patients with
amnestic or executive symptoms have amyloid brain pathology and
neuronal injury (Bangen et al., 2016; Edmonds et al., 2015a; 2016;
2021; Eppig et al, 2017; Thomas et al., 2019b). Indeed, low CSF
AB1_42 level and high CSF tau level are strong predictors of the
presence of pathological beta-amyloid plaques and neurofibrillary
abnormalities in the brain (Tapiola et al, 2009). An important
outcome of our work is that t-tau was found to be a significantly
informative feature to separate mixed MCI, but not amnestic MCI,
from CN controls. Accordingly, both amnestic and mixed MCI sub-
types would exhibit amyloid pathology while only the mixed
subtype would have disrupted neuronal integrity. This conclusion is
also supported by a clinical interpretation of the concentrations of
CSF AB1_42 and t-tau observed in our sample. In both subgroups, CSF
AB1_42 concentration was less than the cutoff of 192 pg/mL that is
commonly used to identify the presence of amyloid pathology
(Shaw et al., 2009). On the other hand, the cutoff of 93 pg/mL,
which identifies disruption of neuronal integrity (Shaw et al,
2009), was exceeded in the mixed subgroup only. Finally, it is also
important to draw attention to the fact that above and beyond the
above-mentioned impaired levels of CSF AB;_4; and t-tau in the MCI
subgroups, both MCI subgroups were at higher risk to develop AD.
This suggests a link between CSF biomarkers and conversion to AD,
as pointed out in earlier studies (Hansson et al., 2006; Insel et al.,
2018; Mattsson et al., 2009; Ortega et al., 2019; Park et al., 2019).

4.4. MCI subgroups as distinct MCI phenotypes or distinct stages along
the course of Alzheimer's disease?

The mixed MCI subgroup was distinguished from CN controls
through structural brain atrophy as well as CSF ABq_4> and t-tau
abnormal levels, while the amnestic MCI subgroup was separated
from CN controls through CSF Ap;_4> abnormal level only. At the
same time, mixed MCI individuals (1) were at higher risk of con-
version to Alzheimer’s disease, (2) converted to AD (from inclusion)
over a shorter timespan (see Supplementary Fig. 3), and (3) had
lower functional and cognitive abilities (as assessed from FAQ and
Mini-Mental State Examination, respectively; see Table 2), than
amnestic MCI individuals. Similar trends were observed between
amnestic MCI individuals and CN controls, as well as between
cluster-derived normal individuals and CN controls. Overall, these
findings are consistent with the amyloid cascade model of AD pro-
gression in which beta-amyloid pathology (as measured by CSF
AB1_4p or amyloid PET scan) appears first, followed by tau pathology
(measured by CSF tau), then neuronal loss (measured by MRI) and
then clinical symptoms (Jack et al., 2010; Jack et al., 2013). This
model has received strong support over the years (Balsis et al., 2018;
Broadhouse et al, 2021; Han and Shi, 2016; Jack et al,
2010; Nettiksimmons et al., 2014; van Rossum et al., 2012; Weiner
et al., 2015; Yang et al., 2012; Yasuno et al., 2021), although not all
findings align with it and alternative scenarios have emerged where
beta-amyloid deposition, tau pathology, neuronal degeneration and
cognitive loss aligned in a narrow time sequence (Braak et al., 2013;
Edmonds et al.,, 2015b). Hence, through the prism of the amyloid
cascade model, our MCI subgroups would rather represent distinct
stages along the course of AD, the disease progressing from the
amnestic stage to the mixed stage. However, the question of whether
amnestic and mixed MCI subgroups merely reflect different stages
along the course of AD or correspond to distinct MCI phenotypes
could only receive a definite answer by examining longitudinal data
from the 2 subgroups. This could hopefully be achieved in future
research.
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5. Limitations

It is important to note that data from the ADNI 1 were acquired
from a 1.5 T scanner while data from the ADNI 2 were acquired from
a 3 T scanner. It is an ongoing debate if scans acquired from different
scanners can be merged. Many studies reported highly reproducible
correspondence between volumes (Ho et al., 2010; Roche et al,,
2013) while other studies suggested different methods to increase
consistency across field strengths (Keihaninejad et al., 2010). Here,
we have made the decision to preprocess all scans using the Combat
harmonization method. Additionally, we assessed brain integrity
from grey matter volume only, while other measures of structural
integrity such as cortical thickness and diffusion in white matter
would have been informative as well. Another limitation of our
study includes the use of one dataset (i.e., ADNI). ADNI is not a
population-based study and there are strict inclusion and exclusion
criteria for selection of participants, which can affect generalizability
of our findings. Therefore, validating our models and outcomes in
other population-based studies and clinical trials would be an im-
portant next step. Future studies may also focus on different aspects
of MCI subtyping. For example, socio-professional differences be-
tween MCI subgroups could be investigated as it can be relevant for
finding risk factors. MCI clusters could also be derived from brain
patterns and compared with clusters derived from cognitive scores.
Regarding labeling of the MCI subgroups, we employed common
terminology used in studies that have empirically derived subtypes
of MCI. However, the amnestic subtype may also result from a host
of non-AD pathologies, notably limbic-predominant age-related
TDP-43 encephalopathy (LATE), which also manifests as a relatively
circumscribed amnestic syndrome and targets the medial temporal
lobe (Botha et al., 2018; Buciuc et al., 2020; Grothe et al., 2023). Fi-
nally, it is also important to mention that the MCI subtypes revealed
in the present study reflect canonical extremes of a spectral re-
presentation of the MCI spectrum, and that a given MCI individual
may not be perfectly represented by a given subtype and may ex-
press features of more than one subtype to varying extents.

6. Conclusion

In summary, our research revealed 3 latent subgroups underlying
MCI participants of the ADNI database: an amnestic MCI, a mixed
MCI and a cluster-derived normal subgroup. Leveraging on machine
learning, our findings further suggest that MCI subtypes, extracted
from a multidimensional neuropsychological approach, have proper
biological and neurological characteristics. As such, multdimen-
sional neuropsychological subtyping, in addition to being clinically
meaningful, is also biologically and neurologically meaningful.
Furthermore, our results suggested that AD progression may start by
affecting memory and CSF biomarkers, followed by alterations in
brain structure and other cognitive functions.
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