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Abstract— Alzheimer’s disease (AD) is a complex brain
disorder that causes progressive cognitive decline and
neuropsychiatric complications, ranking among the top ten
causes of death. Clinically, there are three stages of cog-
nitive decline: dementia, mild cognitive impairment (MCI),
and subjective cognitive decline. Both MCI and subjec-
tive cognitive decline are recognized as risk factors for
dementia, but most countries do not recommend specific
treatments outside of clinical trials. A key goal of precision
medicine is to improve the classification of pathological
conditions based on molecular markers rather than rely-
ing solely on clinical symptoms. From this perspective,
providing a clear and objective identification of conditions
that could progress into more severe symptoms while
distinguishing them from other types of impairments is
crucial for improving early detection of AD. In this work, we
propose a clustering-based molecular stratification of MCI
patients by analyzing blood transcriptomic data. Unsuper-
vised and supervised approaches were adopted to select
features from gene expression data, and deep learning-
based autoencoders were applied to embed the data into a
lower-dimensional latent space. This latent representation
was then fed into a clustering algorithm to determine the
final result. The identified MCI patient clusters showed
significant molecular, clinical, and pathophysiological dif-
ferences. Differences were also detected by comparing MCI
patient clusters to AD patients and control samples. These
findings can lead to an early and precise diagnosis of
progressive dementia, offering a more objective alternative
to standard cognitive-based definitions.

Index Terms— Alzheimer’s disease, Autoencoders,
Biomarkers, Blood transcriptomics, Clustering methods,
Embedding, Mild Cognitive Impairment, Precision medicine

I. INTRODUCTION

ALZHEIMERS’s disease (AD) is among the top ten
leading causes of death and, alongside the increasing

prevalence of dementia, is the reason behind the great interest
in developing precision and preventive diagnostic strategies.
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The stage preceding AD onset is generally referred to
as cognitive impairment, which encompasses two distinct
conditions: Mild Cognitive Impairment (MCI) and Subjective
Memory Complaints (SMC). MCI is characterized by objec-
tive evidence of cognitive decline. MCI individuals may be
further categorized into two subgroups, specifically early MCI
(EMCI) and late MCI (LMCI) [1]. SMC refers to individu-
als’ self-perceived deterioration in memory function. As both
conditions often serve as precursors to AD, they are consid-
ered significant risk factors for dementia. However, specific
preventive treatments are rarely implemented, and therapeutic
strategies remain unstandardized. The early identification of
predictive indicators for AD is critical for developing effective
disease management strategies. Within the context of cognitive
impairment, precisely identifying diagnostic and prognostic
markers that contribute to AD progression is crucial.

Clinicians typically diagnose MCI or advanced dementia
through comprehensive neuropsychological and neurological
assessments, basic laboratory tests, and structural brain imag-
ing (MRI or CT scans). Additional diagnostic methods may
include biomarker analysis from PET brain scans or cere-
brospinal fluid (CSF). However, due to the invasiveness of both
the intravenous injection of PET radiopharmaceuticals and
the lumbar punctures required for CSF collection, there is an
urgent need to identify less invasive, blood-based biomarkers.
Several attempts have been made to stratify MCI and AD
patients based on cognitive performance and clinical character-
istics [2]–[4]. Nonetheless, precision medicine demands alter-
natives to traditional diagnostic approaches, which, even when
enhanced by stratification methods, remain subject to interpre-
tational variability. This underscores the importance of identi-
fying and validating diagnostic and prognostic biomarkers that
are both reliable and patient-compliant, particularly those de-
tectable through non-invasive techniques. To address this need,
the present study introduces a novel blood transcriptomic-
based clustering framework for patient stratification. Unlike
prior stratification methods, our approach leverages whole-
blood gene expression profiles analyzed through a dedicated
AI-driven pipeline. This enables the identification of biolog-
ically coherent MCI subgroups and candidate blood-based
biomarkers in a minimally invasive, reproducible, and scalable
manner. By combining systems-level molecular data with
advanced machine learning, this study provides an innovative
strategy that complements existing diagnostic modalities and
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moves closer to precision, patient-compliant tools for early AD
management. This manuscript is organized as follows: Section
II describes the data sources and the proposed AI-driven
clustering framework; Section III presents the results of the
stratification analysis, including molecular, cognitive, genetic,
and pharmacological characterizations of the identified MCI
subgroups; and Section IV concludes with a discussion of the
implications of our findings for precision medicine and early
AD management.

II. MATERIALS AND METHODS

The designed framework proposed in this study consists of
a pipeline involving transcriptomic feature selection, its repre-
sentation through embedding, and clustering-based molecular
stratification of MCI patients. The sketch of the framework is
shown in Fig.1.

A. Data
Blood transcriptomic data, clinical assessments, cognitive

performance scores, genetic profiles, and medication records
were obtained from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) [5] data collection accessed via the Im-
age and Data Archive (IDA) platform1. Gene expression
profiling was performed on peripheral blood samples using
the Affymetrix Human Genome U219 Array and consisted
of quality-assessed and normalized gene abundance values.
Clinical and laboratory data were sourced in part from the
ADNIMERGE R package v. 0.0.1 [6], and in part from
individual study files available on the IDA platform (further
details at https://github.com/giovanniparagliola/
mci_clustering). Single Nucleotide Polymorphism (SNP)
data, generated using the Illumina Omni 2.5M BeadChip, were
downloaded in BIM, BAM, and BED file formats. These files
were merged and processed using the genio R package v.
1.1.2 [7]. Sample selection was based on the sample identifiers
available in the transcriptomic dataset, used as the primary key
across datasets.

For clinical and laboratory variables, data collection was
restricted to the 381 individuals diagnosed with MCI for whom
transcriptomic data were available. The visit corresponding to
the transcriptomic sample was used to match time points; in
cases where an exact date match was not possible, the closest
available visit date was selected.

Medication data retrieved from the IDA resource
were preprocessed by mapping medication names
to standardized drug classes using the RxMix tool
(https://mor.nlm.nih.gov/RxMix/), following the methodology
described in [8].

B. Transcriptomic feature selection
To enable effective clustering, we performed feature selec-

tion on the transcriptomic dataset, including expression levels
of 20, 092 genes from 381 MCI patients. Both supervised and
unsupervised approaches were applied to reduce dimension-
ality and extract biologically informative features [9]. The

1adni.loni.usc.edu, last accessed on January 2025.

supervised approach involved selecting genes linked to AD
and related neurodegenerative conditions. To this end, we
integrated multiple external resources and studies:

• Human Phenotype Ontology (HPO) [10], using the
query term “Neurodegenerative disease”.

• DisGeNET [11], queried with “Alzheimer’s disease” and
terms including: “Frontotemporal dementia”, “Alzheimer
disease, familial type 3”, “Pick Disease of the Brain”,
“Parkinson disease 4, autosomal dominant lewy body
(disorder)”, “Semantic Dementia”, “Alzheimer Disease,
Early/Late Onset”, “Presenile dementia”, among others.
Only genes with a set gene-disease association (gda)
score were retained, i.e., gda � 0.5.

• Reactome Pathways [12], using the query term
“Alzheimer’s disease”. Relevant pathways included:

– R-HSA-9675126 – Diseases of mitotic cell cycle.
– R-HSA-9656256 – Defective OGG1 Substrate Pro-

cessing.
– R-HSA-8862803 – Deregulated CDK5 triggers mul-

tiple neurodegenerative pathways in Alzheimer’s dis-
ease models.

• KEGG DISEASE Database [13], queried with the term
“Alzheimer”.

• Heterogeneous Network-based dataset for Alzheimer’s
disease (HENA dataset) [14], from which the top 50
hub genes were identified using the igraph R package
v. 1.2.11 [15].

• A curated list of 27 genes involved in 15 distinct mech-
anisms of AD pathology as reported in [16].

The integration of these sources resulted in a consolidated
list of m = 249 genes, which was combined with the
unsupervised selection and used for subsequent analyses.

As concerns the unsupervised approach adopted in selecting
genes, it is composed of three main steps: normalization,
filtering, and thresholding.

• Normalization This step is crucial to allow downstream
processing algorithms to focus on biologically relevant
signals rather than technical artifacts. Gene expression
data from a cohort of 381 MCI patients were normal-
ized using two distinct methods to ensure comparability
across samples and mitigate technical variability. The
first normalization was the Quantile Normalisation, as
described in [17]. This non-parametric method forces
the distribution of gene expression levels to be identical
across all samples by aligning their empirical quantiles.
Specifically, each column (representing a patient sample)
is sorted, and the average of each rank across all columns
is computed and reassigned to the corresponding ranks.
This procedure preserves relative ordering within each
sample while enforcing global distributional consistency
across the dataset. The second normalization method was
Z-score Normalization, also known as standard score
normalization [18]. For each gene, expression values were
standardized by subtracting the mean expression across
all samples and dividing by the standard deviation. This
transformation results in a mean of 0 and a standard
deviation of 1 for each gene expression level, facilitating
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Fig. 1: Overview of the Framework for Embedded Transcriptomic Clustering of MCI patients

the comparison of gene expression patterns regardless of
the original scale. The two normalization methods were
independently used as the first stages of our pipeline to
assess their impact on clustering performance and feature
embedding. Their effects were systematically compared
as part of the model evaluation pipeline.

• Filtering High-dimensional transcriptomic data often
contain a substantial proportion of genes that are unin-
formative or noisy with respect to the biological question
at hand. To enhance the quality of downstream analyses
such as clustering and feature embedding, it is essential
to reduce dimensionality by retaining only the most infor-
mative genes. In our pipeline, a set of unsupervised filters
was applied to select gene expression data. These filters
act to eliminate genes that exhibit low expression, low
variability, weak correlation with other genes, or unin-
formative expression distributions. The selected methods
were chosen to reflect diverse biological assumptions,
and are grouped into five categories based on their selec-
tion criteria: HIGHLY EXPRESSED, LOWLY EXPRESSED,
HIGHLY VARIABLE, HIGHLY CORRELATED, and MUL-
TIMODAL PROFILE. A summary of the filtering methods
is described in Table I. Each filter emphasizes a distinct
aspect of the gene-level signal, contributing to a more
focused and interpretable feature space.

• Thresholding Following normalisation and filtering, a
thresholding step was applied to further refine the fea-
ture space by excluding genes with minimal contribu-
tion to the dataset’s overall expression profile. Specif-
ically, genes with expression values falling below pre-
defined thresholds in the preprocessed data were re-
moved. To obtain a number of genes comparable to that
obtained through supervised feature selection methods,
i.e., m = 249 genes, the cut-off of 1% level was
used, which corresponds to the minimum proportion
of samples in which a gene must exceed a baseline
expression level to be retained. This choice ensured
consistency in feature dimensionality across different
analytical pipelines, facilitating a fair comparison be-
tween supervised and unsupervised approaches to gene
selection. The selected number of genes was equal to

l = 200. It is worth noting that among the genes
selected by both supervised and unsupervised approaches,
we identified only four overlapping genes: ANXA11,
BAX, CAPN1, DCTN1 (the complete gene lists are
available in our GitHub repository https://github.
com/giovanniparagliola/mci_clustering).

TABLE I: Filtering Methods for the Unsupervised Gene Se-
lection

Gene Group Filter Name Description

HIGHLY
EXPRESSED

HighQuantileFilter Q3(Xi)

Selects genes with the highest 75th percentile
expression values (Q3), retaining robust and con-
sistently expressed genes.

LOWLY
EXPRESSED

LowExprPercFilter 1
N

PN
j=1 I(Xi)j

Selects genes falling within the bottom of a fixed
threshold across the N patients, capturing rare or
condition-specific transcripts.

HIGHLY
VARIABLE

StdDevFilter �(Xi)

Ranks genes by standard deviation, assuming
higher variance indicates discriminative power.
IQRFilter IQR(Xi)

Uses interquartile [Q1(Xi), Q3(Xi)] range to
capture dispersion, robust to outliers.

HIGHLY COR-
RELATED

MedianCoExpFilter mediank 6=i(⇢(Xi, Xk))

Selects genes with the highest median Spear-
man correlation to all others, highlighting co-
expression.
NetworkCoExpFilter |⇢(Xi, Xk)|� , � > 1

Applies a power-transformed correlation matrix to
emphasize strong gene co-regulation patterns.

MULTIMODAL
PROFILE

DipModalityFilter Dip(Xi)

Identifies genes with bimodal or multimodal dis-
tributions across samples.

C. Gene feature embedding and Clustering
The clustering approach adopted in this study comprises

two main steps: a feature embedding and a K-means clustering
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TABLE II: Performance metrics on K-means clustering results obtained with the union set of supervised and unsupervised
selections, using all combinations of normalization methods and filtering strategies of the supervised approach. Three metrics
are shown: Silhouette (SS), Calinski–Harabasz Index (CHI), and Davies–Bouldin Index (DBI).

Name Filter K-means QUANTILE NORMALIZATION Z-SCORE NORMALIZATION
N. of Clusters SS CHI DBI SS CHI DBI

DipModalityFilter
2 0.511 557.776 0.673 0.522 582.474 0.654
3 0.561 885.631 0.550 0.561 914.930 0.539
4 0.549 1045.210 0.528 0.500 968.093 0.569

HighQuantileFilter
2 0.553 675.276 0.620 0.519 512.997 0.678
3 0.537 886.985 0.575 0.566 862.583 0.540
4 0.525 1049.384 0.565 0.559 1009.240 0.517

IQRFilter
2 0.533 513.719 0.668 0.526 578.046 0.676
3 0.567 819.295 0.542 0.563 932.238 0.542
4 0.515 843.782 0.577 0.557 1135.033 0.527

LowExprPercFilter
2 0.525 541.505 0.678 0.541 599.673 0.636
3 0.555 816.684 0.551 0.554 882.237 0.544
4 0.556 998.711 0.521 0.553 1075.091 0.513

MedianCoExpFilter
2 0.545 629.668 0.624 0.554 655.875 0.621
3 0.550 902.009 0.553 0.563 954.477 0.547
4 0.549 1046.311 0.531 0.524 1062.977 0.563

NetworkCoExpFilter
2 0.559 675.035 0.620 0.532 1034.396 0.547
3 0.536 867.869 0.568 0.559 937.107 0.550
4 0.544 1084.696 0.538 0.532 1034.396 0.547

StdDevFilter
2 0.526 524.424 0.662 0.526 557.146 0.676
3 0.573 856.916 0.534 0.571 935.637 0.533
4 0.573 990.790 0.499 0.558 1119.023 0.515

as reported in Figure 1. First, the sets of selected genes ob-
tained from supervised and unsupervised selection methods—
comprising m and l genes, respectively—are merged to form
a vector of size n = 445 genes (see Fig. 1).

Such high-dimensional data were further processed through
deep learning-based autoencoder [19] to reduce the gene
expression profiles of 381 patients into a compact, lower-
dimensional latent space as reported in Figure 1. This em-
bedded representation retains the most important gene infor-
mation while reducing noise and dimensionality to k = 44.
This design choice is in line with standard practice, as the
primary function of an autoencoder is to encode data into a
compressed, meaningful representation and to decode it so that
the reconstructed output closely matches the original data. The
feature embedding is chosen as the first step since applying the
clustering algorithm directly to the original feature set yielded
poor results, leading to the clustering output being ineffective
for meaningful data stratification. On the other hand, the la-
tent representation generated by the autoencoder significantly
improves the quality and usability of the clustering results.

To this end, a custom autoencoder was developed through
several iterative experiments exploring different architectural
configurations, activation and loss functions, and optimisa-
tion algorithms. They aimed to identify the most effective
combination of parameters and techniques for accurate data
reconstruction and robust feature extraction. The latent space
representation was designed to be 10% of the input size,
modelling an effective dimensionality reduction. In Table III,
the configuration of the optimal autoencoder is shown.

The second step of the pipeline is the actual clustering.
Here, the latent representation produced by the autoencoder
is given as input to the K-means clustering algorithm ( [20],
[21], [22] ). This step aims to group the set of samples

TABLE III: Encoder and Decoder Architecture

Stage Layer (type) Output Shape
Input Input (None, 445)

Encoder

Dense (None, 512)
Dense (None, 512)
Dense (None, 256)
Dense (None, 128)
Dense (None, 64)

Latent Output (None, 44)

Decoder

Dense (None, 64)
Dense (None, 128)
Dense (None, 256)
Dense (None, 512)
Dense (None, 512)

Reconstructed Input (None, 445)

into different cluster configurations. Following a hypothetical
reasonable patient stratification, the number of clusters ranges
between 2 and 4. To evaluate the goodness of clustering
quality, we used the most common internal clustering metrics:
the Silhouette Score (SS) [23], the Calinski–Harabasz Index
(CHI) [24], and the Davies–Bouldin Index (DBI) [25].
In details:

SS =
1

N

NX

i=1

s(i), where s(i) =
b(i)� a(i)

max{a(i), b(i)} (1)

where a(i) is the average intra-cluster distance of sample i,
and b(i) is the lowest average distance to another cluster.

CHI =
Tr(Bk)

Tr(Wk)
· N � k

k � 1
(2)

where N is the number of samples, k the number of clusters,
Bk the between-cluster dispersion, and Wk the within-cluster
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dispersion.

DBI =
1

k

kX

i=1

max
j 6=i

✓
�i + �j

d(ci, cj)

◆
(3)

where �i is the average distance of points in cluster i from its
centroid ci, and d(ci, cj) is the distance between centroids ci

and cj .
These metrics provide quantitative measures of clustering
performance by evaluating both the internal cohesion within
clusters and the degree of separation between distinct clus-
ters. Together, they offer a comprehensive assessment of the
consistency and discriminative power of the clustering results.
In particular, SS evaluates the cohesion and separation of
clusters in the [�1;+1] interval (the higher, the better); DBI
measures the ratio of within-cluster distances to between-
cluster distances in the [0; +1) interval (the lower the better);
and CHI evaluates the ratio of between-cluster dispersion to
within-cluster dispersion in the [0; +1) interval (the higher
the better).

D. Cluster analysis

The identified clusters of MCI patients (hereafter MCI
clusters) were visualized in terms of gene expression profiles
using the pheatmap R package v. 1.0.12 [26], scaling data,
and with genes further grouped via hierarchical clustering. To
investigate the functional coherence of these gene clusters, we
assessed their biological relevance through pathway enrich-
ment analysis available within the STRING database [27].

To characterize the transcriptomic signatures of the MCI
clusters, we conducted differential expression analysis by
comparing clusters against one another, as well as against
AD and cognitively normal control (CN) groups. Gene-level
ranking based on differential expression evidence was per-
formed using the limma R package v. 3.50.0 [28]. Genes
were considered significantly differentially expressed if they
exhibited a | log2 FC|(FoldChange) � 1 and a Benjamini-
Hochberg adjusted p-value  0.05.

Differences in cognitive performance among MCI clusters
were evaluated using Wilcoxon Rank Sum and Signed Rank
Tests, implemented via the ggpubr R package v. 0.4.0
[29]. Longitudinal diagnostic progression or reversion of MCI
subtypes was analyzed using clinical diagnosis data from the
ADNIMERGE R package v. 0.0.1 [6].

Finally, the association between cluster membership and
the presence of Single Nucleotide Polymorphisms (SNPs)
was tested using the Maximum-statistic approach [30] as
implemented in the SNPassoc R package v. 2.1-2 [31].

Medication data were preprocessed by grouping drugs ac-
cording to their corresponding pharmacological classes using
the RxMix tool. Visit dates were aggregated and harmonized
based on availability across individuals within each MCI
cluster. The frequency of each drug class within defined time
intervals was normalized with respect to the total number of
patients assigned to each cluster, allowing for inter-cluster
comparison of medication patterns over time.

III. RESULTS AND DISCUSSION

A. Identification and characterization of MCI clusters

Table II presents the clustering metrics obtained across
various combinations of cluster numbers, normalization meth-
ods, and filtering strategies. To identify the most suitable
configuration for downstream analyses, we first applied a
threshold to the Silhouette score (SS � 0.56), which reduced
the candidate configurations to nine. Among these, we further
evaluated the CHI and the DBI. We observed a trade-off
between these two metrics: configurations with lower DBI
values often exhibited a substantial decrease in CHI. To strike
a balance between cluster compactness and separation, we
shortlisted two configurations for further analysis: i) Quantile
normalization + StdDevFilter + 4 clusters, and ii) Z-Score
normalization + MedianCoExpFilter + 3 clusters.

Z-Score normalization emphasizes gene-wise variation
across samples, making it particularly useful for analyses
focused on relative expression patterns. In contrast, quantile
normalization helps reduce differences that could stem from
either technical noise or biological variation. Indeed, the next
step involved visualizing the transcriptomic profiles of the
resulting clusters. The configuration with four clusters yielded
more ambiguous and overlapping gene expression patterns.
In contrast, the three-cluster solution produced distinct and
well-separated profiles, enabling a clearer interpretation of the
data (Fig. 2). Hence, we selected the second configuration, Z-
Score normalization + MedianCoExpFilter + 3 clusters, for
subsequent analysis. The resulting clusters, referred to as MCI-
1, MCI-2, and MCI-3, are shown in Fig. 2.

Hierarchical clustering performed on genes revealed three
distinct groups of genes indicated as g1, g2, and g3 (see
Fig. 2). Clusters g1 and g2, comprising 66 and 245 genes
respectively, exhibited contrasting expression patterns between
MCI-1 and MCI-3 of patients. Genes in g1 and g3 were
exclusively derived from the supervised selection, whereas g2
included genes from both supervised and unsupervised se-
lections, encompassing the entire MedianCoExpFilter-selected
set. Clusters g1 and g2 showed significant enrichment in
neurodegenerative disease and dementia-associated pathways
(Figs. 3a, 3b). While this result was expected for g1, con-
taining genes derived from the supervised selection known to
be linked to neurodegenerative disease, the gene enrichment
observed for g2 supports the relevance of the unsupervised
selection in identifying novel candidate biomarkers linked to
AD. Cluster g3, comprising 134 genes, showed a similar
expression trend to g2, with lower expression in MCI-1 and
higher expression in MCI-3, albeit with a less clearly defined
pattern.

Gene Ontology enrichment analysis of biological processes
(GO-BP) further revealed functional distinctions between the
gene clusters. In particular, g1 was enriched in mitotic and cell
division-related processes (Fig. 3c), whereas g2 was associated
with autophagy, vacuole organization, and mitophagy-related
processes (Fig. 3d). The involvement of g2 in these mech-
anisms aligns with hypotheses suggesting that impaired au-
tophagy and mitophagy contribute to brain ageing and increase
the risk of AD [32], highlighting the therapeutic potential of

This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and 
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3615295

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



6 IEEE TRANSACTIONS AND JOURNALS TEMPLATE

Fig. 2: Heatmap of MCI patient clusters transcriptomic profile. The large heatmap on the left displays the expression
levels of the 445 selected genes across the three identified clusters of 381 MCI patients with the combination Z-SCORE
NORMALIZATION and MedianCoExpFilter. Each column represents a patient, with cluster membership indicated by the color-
coded bar at the top. The number of patients in each cluster is also reported. The annotation bar immediately below denotes
the baseline diagnosis (Bl DX) for each individual. Genes are represented by rows and are ordered according to hierarchical
clustering. The number of genes grouped within each gene cluster is indicated in parentheses. The small heatmap on the top right,
instead, shows the expression levels of the selected genes across the four clusters identified by QUANTILE NORMALIZATION
and StdDevFilter.

targeting these processes to preserve or even recover cognitive
health. GO-BP analysis of g3 revealed enrichment in processes
such as ”Regulation of neuron death” (GO:1901214, FDR:
6.31 ⇥ 10�14), and, according to DISEASES enrichment, its
gene content was associated with Alzheimer’s disease, De-
mentia and Neurodegenerative diseases (DOID:10652, FDR:
3.70⇥ 10�14; DOID:1307, FDR: 6.07⇥ 10�12; DOID:1289,
FDR:1.19⇥10�18), consistent with its origin from supervised
selection.

Cluster MCI-2 presented an intermediate and more hetero-
geneous transcriptomic profile compared to MCI-1 and MCI-3.

Importantly, no clear separation of MCI clusters was ob-
served based on baseline clinical diagnosis. We also evaluated
the potential confounding effects of gender and age and found
no significant impact on the clustering results (see Table IV).

To evaluate the effectiveness and added value of the feature
embedding step, we performed clustering on the selected
feature set (i.e., MedianCoExpFilter combined with supervised
selection), omitting the embedding transformation. As shown
by the clustering metrics in Table V, the results indicate
a lack of well-defined and stable clusters, underscoring the
importance of the embedding process.

TABLE IV: Gender and age distribution in MCI patient clusters

Confounding factor MCI clusters
MCI-1 MCI-2 MCI-3

gender
Female 35 84 41
Male 45 88 81

age range

49-58 4 8 2
59-68 26 65 24
69-78 41 73 62
79-88 9 26 33
89-99 0 0 1

TABLE V: Performance metrics on K-means clustering results
obtained with non-embedded data selected through Z-SCORE
normalization and the MedianCoExpFilter.

Clustering Clustering metrics
N. of Clusters SS CHI DBI

2 0.19 127.53 1.69
3 0.122 90.78 2.09
4 0.09 68.66 2.41

B. Differential expression analysis

Differential expression analysis was performed to identify
significantly differentially expressed genes (DEGs) both be-
tween MCI clusters and between each cluster versus AD
and CN patients. Statistical significance was defined as a
Benjamini-Hochberg (BH) adjusted p-value  0.05 and
| log2 FC| � 1. Notably, significant DEGs were detected only
when comparing MCI-1 to AD and CN groups. On the other
hand, no DEGs emerged when comparing the entire MCI
group, or MCI-2 or MCI-3 to AD or CN, underscoring the
intrinsic heterogeneity within the MCI population.

Specifically, seven DEGs were identified in the MCI-1 vs.
AD comparison (Fig. 4a) and twelve in the MCI-1 vs. CN
comparison (Fig. 4b). Interestingly, a subset of genes, i.e,
ZNF92, CASP8AP2, LRRC40, and SACS, were consistently
up-regulated in MCI-1 compared to both AD and CN groups,
highlighting their potential as biomarkers for this specific
subtype of cognitive impairment.

These four genes have been implicated in intellectual dis-
ability (ID). Specifically, de novo and dominantly inherited
variants in ZNF92 are associated with a variety of neu-
rodevelopmental features, including ID and Autism Spectrum
Disorder (ASD) [33]. CASP8AP2 is involved in apoptosis-
related processes and may play a role in regulating neuronal
apoptosis, potentially contributing to the progression of neu-
rodegenerative disorders such as Alzheimer’s and Parkinson’s
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(a) Disease association enrichment of g1 genes. (b) Disease association enrichment of g2 genes.

(c) GO-BP terms enrichment of g1 genes. (d) GO-BP terms enrichment of g2 genes.

Fig. 3: Functional enrichment of g1 and g2 genes. (a, b) Disease association enrichments. (c, d) GO-BP term enrichments.
The functional analysis has been made through the STRING tool. The x-axis in the enrichment plots shows the signal score,
computed as a weighted harmonic mean of the observed/expected ratio and � log(FDR). Line colors indicate the FDR, and
circle sizes represent gene counts. Enriched terms are grouped based on semantic similarity (� 0.8).

[34] diseases. LRRC4 regulates the formation of excitatory
synapses and promotes axon differentiation. Mutations in
LRRC4 have been linked to ASD and ID [35]. SACS is in-
volved in chaperone activities, regulating microtubule balance
and cell migration. Additionally, SACS may play a crucial
role in mitochondrial function, potentially sharing mechanisms
with other neurodegenerative diseases [36].

Among inter-cluster comparisons, the greatest number of
DEGs was observed between MCI-1 and MCI-3 (n= 86), as an-
ticipated based on their distinct transcriptomic profiles (further
details at https://github.com/giovanniparagliola/
mci_clustering).

C. Cognitive Profiles Across Clusters

To assess the differences in cognitive metrics within the
three MCI clusters, we performed pairwise Wilcoxon Rank
Sum and Signed Rank Tests for each cognitive variable as
reported in Fig. 5. Specifically, the box plots show that the
cognitive metrics ADAS11 (Alzheimer’s Disease Assessment
Scale-Cognitive 11 items), ADAS13 (Alzheimer’s Disease
Assessment Scale-Cognitive 13 items), MOCA (Montreal
Cognitive Assessment), and RAVLT.immediate (Rey Auditory
Verbal Learning Test immediate recall assessment) differ with
a higher significance between MCI-1 and MCI-3. In all

cases, the median values suggest a more impaired cogni-
tive status in MCI-3 patients. Indeed, in both ADAS11 and
ADAS13, higher scores indicate worse cognitive performance.
Conversely, in the case of MOCA and RAVLT.immediate
low scores indicate worst cognitive performance with poor
learning and short-term memory function. Notable differences
were also observed between MCI-1 and MCI-2, particularly
for ADAS11, ADAS13, and RAVLT.immediate; however, the
corresponding p-values were higher compared to the MCI-1
vs. MCI-3 contrast (further details at https://github.com/
giovanniparagliola/mci_clustering).

D. Cognitive stages transition of MCI clusters

The cognitive test and diagnosis data provided by the ADNI
resource are longitudinal, with diagnostic information recorded
at each patient visit. As a patient’s condition may evolve
over time, their diagnosis can reflect either progression or
reversion of cognitive decline. We analyzed these temporal
dynamics in relation to cluster assignments (Fig. 6), esti-
mating conversion probabilities by a nonparametric multistate
modelling approach, as described in [6]. Specifically, we
considered the following transitions: from Normal (CN) to AD
and LMCI (Figs. 6a–6c); from EMCI to AD, LMCI, and CN
(Figs. 6d–6f); and from LMCI to AD and CN (Figs. 6g–6i).
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(a) MCI-1 vs AD patients. (b) MCI-1 vs CN.

Fig. 4: Differentially expressed genes (DEGs) identified by comparing MCI-1 patients with AD and CN groups. The x-axis
shows the log2 FC, while the color of the dots reflects the BH-adjusted p-value.

The longitudinal analysis revealed distinct progression and
reversion patterns across clusters. MCI-1 patients show a high
probability of transitioning from CN to MCI and from EMCI
to LMCI during the early years, with these rates declining over
time. Notably, this group also showed a comparatively higher
probability of reversion from EMCI to CN.

Conversely, MCI-3 patients demonstrated the most pro-
nounced progression patterns, with a markedly increased prob-
ability of transitioning from both EMCI and LMCI to AD.

Meanwhile, MCI-2 patients showed a relatively lower prob-
ability of progressing to AD. However, similar to the other
groups, they exhibited a high likelihood of transitioning from
EMCI to LMCI during the initial phase of observation.

E. Genotype–Cluster Association
To explore a potential association between the stratification

of MCI patients and genetic variation, we analyzed whole-
genome sequencing (WGS) microarray data from the ADNI
cohort. We focused specifically on the MCI-1 cluster as it
was the only group to show DEGs compared to the other
classes. In particular, we applied a maximum statistic-based
pairwise comparison approach. Although the p-value obtained
did not meet the conventional threshold after Bonferroni or
FDR correction ( 0.05), in the comparison MCI-1 vs AD
the SNPs highlighted in two genes were worth of attention:
SACS, which was also identified in the differential expression
analysis, and SPTLC3, due to its potential biological relevance
in neurodegenerative processes. To support these observations,
we included the bar plot showing the proportion of HOM-
HET mutations in the two patient groups (Fig. 7). The two
SNPs located on the SACS gene, namely rs3858754 (p-
value 4.56E-06) and rs9510733 (p-value 5.38E-06), exhibited
a higher frequency of both heterozygous and homozygous
genotypes in MCI-1 patients compared to AD (Figs. 7a, 7b).
Interestingly, SACS was also found to be up-regulated in
MCI-1 vs. AD subjects, suggesting (Figure 4a) a potential
link between genetic variation and gene expression. After all,
mutations in the SACS gene are already known to be causative
of neurodegenerative disorders, like in the case of ARSACS
(Autosomal Recessive Spastic Ataxia of Charlevoix-Saguenay)

[37]. In addition, the SNP rs6041799 on SPTLC3 gene was
found in the comparison MCI-1 vs. AD (p-value 8.80E-06) and
exhibited an increased frequency of homozygosity (Figure 7c)
in MCI-1 patients. SPTLC3 encodes an inducible subunit of
the serine palmitoyltransferase (SPT) complex, a key enzyme
in sphingolipid biosynthesis. This subunit regulates the pro-
duction of alternative sphingoid bases, some of which have
been implicated in neurodegenerative processes.

Although research is ongoing, mutations in SPTLC3 have
been associated with sensory peripheral neuropathy, a condi-
tion affecting the peripheral nervous system [38]–[40]. More-
over, alterations in sphingolipid composition influenced by
SPTLC3 activity have been observed in individuals with
MCI [41], further supporting its potential relevance in early
neurodegenerative changes.

F. Medication Use across Clusters
The medication data were preprocessed by grouping individ-

ual drugs into medication classes based on the RxNorm clas-
sification system. Additionally, visit dates were standardized
across the three identified MCI patient clusters. This analysis
aimed to uncover potential differences in treatment regimens
among the clusters, which may either contribute to or result
from their clinical distinctions.

Across all three clusters, the majority of prescribed treat-
ments were recorded within visits v1–v12 (follow-up visits
as recorded in ADNI collection), with the highest percentage
of medication related to HMG-CoA reductase inhibitors and
Nonsteroidal Anti-inflammatory Drug (see Fig.8).

Notably, MCI patients received fewer treatments over time,
with drug administration rates often approaching zero in
later visits (v42–v60). Within the early visit range (v1–v12),
MCI-1 patients exhibited a lower frequency of medications
such as acetaminophen, dihydropyridine derivatives, HMG-
CoA reductase inhibitors, melatonin receptor antagonists, anti-
inflammatory drugs, antidepressants, thiazides, and thyroid
hormone receptor antagonists. This pattern suggests a com-
paratively milder clinical profile in MCI-1 patients, with fewer
comorbidities and complications. Pharmacological sensitivity
is heightened in cognitively impaired subjects due to age-
related physiological changes, altered pharmacokinetics, and
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(a) (b)

(c) (d)

Fig. 5: Significant differences in cognitive performance
among the three MCI clusters were detected through pairwise
Wilcoxon Rank Sum and Signed Rank Tests (**** p-value
 0.0001; *** p-value  0.001; ** p-value  0.01; * p-value
 0.05; ns not significant). Cognitive metrics are displayed on
the y-axis. ADAS11; ADAS13; MOCA; RAVLT.immediate.

increased central nervous system vulnerability. Hence, appro-
priate drug dosing is crucial to prevent adverse outcomes such
as worsened cognitive function, falls, sedation, or delirium.

However, MCI-1 patients exhibited a slightly higher preva-
lence of anticholinesterase and selective serotonin re-uptake
inhibitor (SSRI) usage. Anticholinesterase inhibitors, includ-
ing donepezil, rivastigmine, and galantamine, are established
first-line treatments for managing cognitive symptoms in mild
to moderate AD. These drugs work by inhibiting the break-
down of acetylcholine, a neurotransmitter essential for mem-
ory and cognitive function. SSRIs are commonly prescribed to
manage depression and anxiety in AD, and recent evidence has
also associated their use with cognitive improvements [42].

In contrast, MCI-3 patients displayed an opposing profile,
showing the highest prevalence of use across most medica-
tions. The MCI-2 cluster shows an intermediate profile during
the v1–v12 time range, but was the cluster with continued
drug administrations ( 6= 0) in most cases during the later
period. The analysis of medication usage differences presented
here provides an initial indication of potential correlations
with cognitive changes. Although we could not extend this
investigation with experimental validation or additional patient

cohorts—given the reliance on publicly available datasets—we
believe these findings offer a useful starting point for generat-
ing hypotheses. Future studies that combine clinical data with
in vitro or in vivo experiments will be essential to validate
these associations and to better understand the underlying
mechanisms.

IV. CONCLUSION

In the context of precision medicine, early diagnosis and
identification of disease subtypes must be pursued in tandem.
Recognizing and differentiating the early symptomatic phases
of disorders that may progress into severe conditions is crucial
for enabling preventive, targeted, and effective therapeutic
strategies. This need is especially urgent in the field of
neurodegenerative disorders such as AD, where cognitive
decline often begins subtly before accelerating rapidly in
its later stages. The prodromal phase, clinically referred to
as MCI, frequently serves as a transitional stage preceding
dementia. Therefore, this is the critical window in which risk
factors should be identified, patients stratified, and prognostic
outcomes anticipated. However, current diagnostic approaches
rely heavily on neuro-psychological performance tests, which
are subject to interpretive variability and often depend on
approximate, and potentially misleading, threshold criteria.
To address these limitations and advance the identification
of biologically meaningful MCI subtypes, we applied an
embedding-based clustering approach to selected blood tran-
scriptomic data from 381 MCI patients. Through extensive ex-
perimentation, this method enabled the identification of patient
subgroups that remained undetectable when clustering was
applied to the original data space. Specifically, we identified
three distinct clusters and examined their distinguishing char-
acteristics in terms of genetic profiles, biological processes,
cognitive performance, and therapeutic regimens, with the aim
of inferring their relative severity and propensity to progress
toward dementia. The exploration performed identified two
clusters with opposite clear profiles in all the characteristics
taken into account (i.e., MCI-1 and MCI-3) and an interme-
diate group (MCI-2) showing mixed behavior. Although our
clusters do not coincide directly with conventional EMCI vs.
LMCI categories, this is consistent with prior findings. A study
using ADNI data found that EMCI/LMCI labels are effectively
redistributed across data-driven clusters, which better reflect
homogeneous clinical and biomarker profiles [43]. Moreover,
longitudinal clustering studies have identified multiple cog-
nitive trajectories—such as stable, slow decline, and rapid
decline—that extend beyond a simple early/late categoriza-
tion [44]. Finally, cognitive performance–based clusters have
been shown to predict long-term outcomes more accurately
than traditional labels [4]. Together, these findings suggest
that data-driven clustering captures biologically and clinically
meaningful heterogeneity in MCI beyond EMCI/LMCI.

Importantly, we identified potential diagnostic biomarkers
specific to the MCI-1 cluster based on gene expression and
genotype. In particular, ZNF92, CASP8AP2, LRRC40, and
SACS genes were significantly up-regulated in MCI-1 com-
pared to both AD and CN groups, suggesting subtype-specific
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 6: Cognitive stages transition probabilities. The plots show the projection of diagnosis along time (x-axis = years) based
on the transition probabilities calculated using the diagnosis at the available time visits. (a), (b) and (c) show the transition from
CN to AD and LMCI for MCI-1, MCI-2 and MCI-3 patients respectively; (d), (e) and (f) show the probabilities to progress
from EMCI to LMCI and AD, as well as to revert to CN for MCI-1, MCI-2 and MCI-3 patients respectively; (g), (h) and (i)
show the probabilities to progress from LMCI to AD and to revert to CN for MCI-1, MCI-2 and MCI-3 patients respectively.

(a) (b) (c)

Fig. 7: Evaluation of associated genotypes in MCI-1 versus AD patients. The bar plots show the percentage of occurrence of
heterozigosity (HET), homozigosity (MUT-HOM), and wild-type (WT-HOM) genotypes for three SNPs showing significant
p-value in pairwise association test MCI-1 vs. AD.
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Fig. 8: Heatmap showing the percentage (with respect to the total number of patients for each cluster) of medication classes
for the three clusters grouped by three visit time ranges.

dysregulation. Furthermore, genotype analysis revealed SNPs
in SACS potentially linked to altered expression.

Hence, the MCI-1 cluster appears to represent a milder dis-
ease subtype, characterized by better cognitive performance, a
more stable therapeutic profile, and potentially reversible im-
pairment, underscoring the importance of timely intervention.

The novelty of our approach, leveraging blood-based tran-
scriptomic data along with embedding techniques, offers a
promising, non-invasive pathway for identifying hidden molec-
ular subtypes in MCI. We believe this represents a signifi-
cant step forward in advancing both diagnostic precision and
prognostic accuracy in the early stages of cognitive decline.
Beyond research applications, such stratification could be
gradually integrated into clinical workflows through routine
blood testing combined with transcriptomic profiling, enabling
non-invasive monitoring and early risk stratification of MCI
patients. Moreover, a future refinement of the gene set based
on the identification of specific biomarkers, as we have begun
to explore, may further facilitate the development of simple,
cost-effective, and rapid diagnostic and prognostic tools for
the pre-dementia stage.
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