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University of Toronto, Toronto, together with a preliminary pre-processing on the OASIS-3 dataset, reveals an impor-
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has identified a significant profile compatible with a syndrome known as Mild Behav-
ioral Impairment (MBI), displaying behavioral manifestations of individuals that may
precede the cognitive symptoms typically observed in AD patients. The findings
underscore the importance of considering multiple longitudinal features in clinical
modeling, ultimately supporting more effective and individualized patient manage-
ment strategies.
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Background

Alzheimer’s disease (AD) is the most common neurological disorder causing demen-
tia in the elderly population aged 65 years and older, affecting an estimated 6.5 million
people worldwide [1]. Alzheimer’s disease typically begins with mild memory problems
that gradually worsen, leading to loss of brain function. In 2011, the National Institute of
Ageing and Alzheimer’s Association presented revised guidelines for diagnosing AD [2],
which identifies three AD stages: (1) preclinical AD, in which measurable changes in bio-
logical and pathological markers occur but no outward changes are observed; (2) Mild
Cognitive Impairment (MCI), during which slight memory and cognitive complaints are
observed and measured; and (3) dementia due to AD, when the patient cannot perform
daily life activities due to memory and cognition problems.

Since the number of people with dementia worldwide is expected to increase from
57.4 million in 2019 to nearly 153 million in 2050 [3], there is an urgent need to improve
the early detection of Alzheimer’s disease to optimize interventions in preclinical phases
and potentially improve the success rates of trials of disease-modifying therapies. The
enormous impact of Alzheimer’s disease has stimulated the collection of huge datasets
over the past two decades to facilitate the sharing and advancement of knowledge. These
datasets provide not only a significant amount of data but also protocols that enable uni-
form data collection and comparison. Most of these are longitudinal data collections,
where participant’s outcomes, biological markers, and clinical markers are gathered at
multiple follow-up assessments. This type of study typically results in numerous meas-
urements for each subject. Longitudinal data collection is particularly important for
developing predictive models and identifying the correlation among different variables
that may be related to disease progression. Identifying distinct developmental factors
using longitudinal data is a frequent research objective to gain a comprehensive under-
standing of patients’ disease profiles. This method is notably beneficial for investigating
heterogeneous diseases, such as Alzheimer’s, which exhibits varied and complex char-
acteristics. A great contribution to data collection comes from the Open Access Series
of Imaging Studies (OASIS) project [4]. This project provides open access to four sig-
nificant databases: OASIS-1 described in work by Marcus et al. [5], OASIS-2 described
in [6], OASIS-3, outlined by LaMontagne and colleagues [7], and the OASIS-4 clinical
cohort [8].

The longitudinal nature of repeated measures necessitates the use of specialized statis-
tical techniques to account for the correlation within individuals, ensuring the validity of
the analysis and inference of the data. The identification of clinically relevant subgroups
through the analysis of longitudinal data is crucial for facilitating targeted interventions,
improved disease management, and the efficient allocation of healthcare resources for
both patients and their caregivers.

In the past, biomedical researchers and medical doctors utilized several methods
based on traditional statistics to analyze longitudinal trajectories of patients with men-
tal health diseases [9—-11]. The recent development of artificial intelligence (AI) and
machine learning (ML) models, both traditional or based on deep learning, has given
rise to an enormous amount of research in the field of AD, in particular analyzing lon-
gitudinal data, evidenced by the hundreds of review or survey papers on these topics in
2024 alone. Some of these works are mainly focused on the application of deep learning
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for Alzheimer’s disease prediction [12] or on challenges, research gaps, and future direc-
tions in AD diagnosis [13]. Others provide useful references to understand how to adopt
machine learning in dementia research and clinical practice [14, 41] or to classify dif-
ferent stages of the disease progression [15]. Other works highlight the growing role of
Al for the prediction of early stages and diagnosis of AD [16—18], and the potential of
explainable Al [19, 20], to name a few among many. When gold standard and ground
truth labels are unavailable, unsupervised machine learning methods, including clus-
tering algorithms, can be employed to detect significant groups of patients with clinical
relevance. Several longitudinal methods for clustering exists: KML [21, 22], clustra [23],
and traj [24], for example, are based on k-means, while clusterMLD is based on hierar-
chical clustering [25]. Trajectories can also be analyzed through mixed models, which
are particular statistical models incorporating parameters representing both fixed and
random effects of a data trend [26—28]. A comparison of longitudinal clustering methods
in the case of data with slowly changing trends has been presented in [29]. The authors
studied the performance of five methods using Monte Carlo simulations on synthetic
data sets, with the aim of understanding under which conditions one method is prefer-
able to another. They considered KML [21], growth mixture modeling (GMM) [30], a
growth curve K-means model (GCKM) [31], a group-based trajectory model (GBTM)
[32] and a mixed time-varying effect model MixTVEM [33]. However, a deeper descrip-
tion of these methods goes beyond the scope of this article.

In particular, longitudinal clustering methods have been employed in a number of
studies on mental health. Liesbeth Bruckers and colleagues [34], for example, introduced
a clustering method that can be applied to trajectories of patients, considering multiple
variables, and showed its application to real electroencephalography (EEG) data. Niek
den Teuling et al. [29], instead, used simulated datasets to demonstrate the effective-
ness of their proposed longitudinal method based on growth mixture modeling. Shih-
Tsung Huang and coauthors [35], on the other hand, used multi-visit longitudinal data
of patients with mental health to develop a temporal disease network. They used a com-
bination of traditional static machine learning models, such as support vector machines.
This solution stands for its originality among the studies listed here. Regarding more tra-
ditional approaches, instead, Carolyn Zhu and her collaborators [36] applied the KML
method [21] to data of patients with Alzheimer’s to group them into significant clinical
groups. Among them, Bayesian cluster analysis offers substantial benefits over algorith-
mic approaches by providing not only point estimates but also uncertainty in the cluster-
ing structure and patterns within each cluster [37-40].

Finally, many works differ from the point of view of the features considered for
the analysis of mental health patients. To cite a few, the meta-analysis of Modupe
Odusami and colleagues [15] listed some features more relevant than others useful
to distinguish mental health patients from healthy controls: grey matter volume in
the medial temporal lobe and the entorhinal cortex, cortical thickness in the entorhi-
nal cortex and the inferior temporal gyrus, grey matter volume in the hippocampus,
amygdala, and temporal lobe, and cortical thickness in the medial temporal lobe. The
studies of Giulia Lorenzon and colleagues [38] and Konstantinos Poulakis et al. [40]
indicated that some variables had a major role: age, education, sex, American
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National Adult Reading Test (ANART) test results, carrier of the APOE gene, mini-
mental state examination (MMSE), geriatric depression scale (GDS).

To summarize, most of the studies found in the literature were supervised and had
the goal of predicting dementia diagnosis [12-14, 17-20, 41], while a few of them
were designed to predict different stages of AD [15, 16]. Regarding longitudinal clus-
tering, four studies were aimed at identifying clinically relevant clusters of patients
with dementia [35, 39, 40] by mainly looking at the longitudinal changes of brain atro-
phy, while another one was designed to detect clusters of patients with dementia for
medical expenses [36] and one to identify clusters of patients with different cerebro-
vascular and cognitive profiles [38].

In this study, we propose a multivariate clustering approach for multiple longitu-
dinal features to investigate the existence of different marker trajectories as specific
indicators of cognitive decline over time in a cohort of individuals participating in an
Alzheimer progression study. Joint trajectories are used to understand how multiple
variables co-vary or evolve about each other. Clustering these joint trajectories allows
the identification of distinct subgroups within a population based on their longitu-
dinal profiles, providing a more detailed understanding of how individuals develop
over time across multiple dimensions. Unlike approaches that examine anatomic
brain changes, this study’s primary objective is to identify feature patterns that are
not directly linked to the effects of Alzheimer’s disease on brain structure. By doing
so, we aim to explore less invasive and more cost-effective methods for the early iden-
tification of risk factors associated with the progression of Alzheimer’s disease.

Hence, we developed a multivariate longitudinal k-means, which is based on the
k-means technique [42] specifically designed to cluster joint trajectories, that also
integrates a feature selection strategy. We applied the proposed approach to a public
dataset derived from Electronic Mental Health Records (EMHRs) called Open Access
Series of Imaging Studies-3 (OASIS-3) [7], which contains data on patients suffer-
ing from dementia. EMHRSs are a specialized Electronic Health Records (EHR) subset
designed to digitally manage and store patients’ mental health information. EMHRs
contain detailed records of a patient’s mental health history, diagnoses, treatments,
medication records, and progress over time [43].

Among all features in the OASIS-3 dataset, the proposed approach detected differ-
ent trajectories of neuropsychiatric symptoms (NPS) related to cognitive functioning.
Thus, it highlights that NPS symptoms are prevalent in patients with dementia and
evolve differently according to the dementia stage.

As a noteworthy result, the proposed approach has identified an interesting cluster
of individuals with slight behavioral impairments that may occur before the cogni-
tive decline of AD patients emerges, i.e., before MCI can be diagnosed. According
to recent literature, multiple longitudinal and cross-sectional studies have supported
an association between NPS and AD progression, identifying a validated syndrome,
Mild behavioral impairment (MBI), as an early manifestation of dementia [44]. MBI is

characterized by the emergence of neuropsychiatric symptoms in elderly persons that
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serve as a sensitive transitional state marker for dementia syndromes. The identifica-
tion of individuals with a profile compatible with an MBI syndrome is an encouraging
result concerning the prognostic value of MBI for dementia development and for pre-
dicting different dementia subtypes.

The rest of the paper is organized as follows. Methods and data section presents the
proposed approach by introducing all materials and methods, together with the valida-
tion of our longitudinal clustering algorithm on synthetic datasets, with details reported
in the Appendix. Longitudinal clustering results section shows the result of the proposed
longitudinal clustering on the case study dataset. Finally, Discussion on the case-study
dataset section discusses the obtained results, and in Conclusions section conclusions
are drawn.

Methods and data
Multivariate k-Means for longitudinal clustering
To investigate the existence of different trajectories of specific indicators of cognitive
decline over time in a cohort of individuals participating in an Alzheimer’s progression
study, we developed a version of k-Means clustering for multivariate time series. The
multivariate k-Means longitudinal clustering algorithm has been implemented to cluster
joint trajectories of different features describing the individual progression over time.
Such a method is based on time series k-Means clustering [45], a relatively novel method
commonly used to identify univariate time series patterns. The following is a formal
presentation of our approach.

Let us consider a set P of p patients. For each patient i, a set of n outcome variables
(i.e., features) are measured at each visit ¢, defining the patient’s health state at time t, as
follows:

Fit) = {fa @), fia(©), . . . fin(£)} 1)
The joint trajectory for patient i for the time window ¢ € [0, m] is defined as follows:
JointTraj; = (F;(0), Fi(1), ... Fi(m)) 2)

where F;(0), F;(1), . . . F;(m) are the health states of patient i at £ = 0 (i.e., at the first visit
that represents the baseline) and at the follow-up assessments.

According to this notation, the algorithm aims to find k homogeneous sub-groups
within the set of P patients with respect to the joint trajectory trend by specifically
adopting k-Means clustering. In the Algorithm 1 box, the pseudocode of the algorithm
is presented.
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Algorithm 1 Multivariate k-Means for longitudinal clustering

Data: Data = {JointTraj;|i € [1,p]}

Result: Centroids : {Cr} = {ck;(t)|j € [1,w],w < n,t € [1,m]},Vk €
[1, Nclust]

Initial _Features < {f1, fa,... fn};

Datascaied + scale(Data);

k< 2;

while k£ < Nclust do

iteration < 0;

Centroids < J;

Clusters < &;

Datacurrent < get(Datascated, INitial _Features);

/*Cluster Initialization*/

forc=1,...,k do

C. < RandomChoose(Datacurrent);
L Cluste < RandomAssign(Datacurrent, Ce);

Centroids + {C1,...,Cir };

Clusters «+ {Clust, ..., Clusty };

/*Cluster Formation*/

repeat

iteration < iteration + 1 ;

fori=1,...,pdo
List _Dist < @
forc=1,...,k do

| dist(c) < SoftDTW Dist(JointTragji, Ce) ;

List_Dist < {dist(1),...,dist(k)};
closestC' < indexO f(min(List_Dist));
Clusters < assign(JointTraj;, closestC);

Centroids < Soft DTW Barycenter(Clusters);
/*Clustering Stop Condition Evaluation */
forc=1,...,k do

L d(c) «= SoftDTW Dist(Ceyyprys Ceirer);
A+« {6(1),...,6(k)}
if A < Threshold then

L stop=True;

until iteration # maxIteration OR stop = True;
EvaluateMetrics(Clusters);
/*Feature Selection */
Features Selected < @,
for j=1,...,ndo
selected < False;
for h=1,...,(k—1) do
for z=(h+1),....k do
dist;(hz) < SoftDTW Dist(cp, c.);
if distj(hz) > threshold then
selected < True;
L Append(Features_Selected, f;);

if Features_Selected = Initial _Features then
| k+—Fk+1

else
| Initial _Features < Features_ Selected
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As it is well known, k-Means [42] is a popular clustering algorithm that aims to parti-
tion p elements into k clusters, in which each observation belongs to the cluster with
the nearest center. k-Means can also be seen as a particular case of a Expectation-Max-
imization (EM) algorithm for an iterative convergence [46]. The idea behind k-Means
is to simply separate a dataset with p observations into kK homogeneous groups. For the
initialization of this method, the number of clusters k is usually needed beforehand as
an input. Thus, it starts by randomly assigning the clusters centroid in the space. Then,
each data point is assigned to one of the clusters based on its distance from the cluster’s
centroid.

To reach the optimal partition, the algorithm alternates between two steps: Expecta-
tion (E) and Maximization (M). In the E step, the distance between the observations and
the centroids of each cluster is calculated. The M step then consists of assigning each
observation to its nearest cluster. These two phases are done repeatedly and iteratively
until a stabilization in the cluster assignment is reached. In the context of longitudinal
data analysis, “cluster centers” are defined as the average trajectory of each group, repre-
senting the mean of all individual trajectories within the respective clusters. For an indi-
vidual i, the “nearest cluster” denoted as C can be defined as the cluster that minimizes
the distance between i and the mean trajectory of cluster C.

Normally, k-Means use Euclidean distance. However, in the case of time series, it gen-
erally performs poorly. This paper implements k-Means for multivariate time series by
employing soft-DTW distance. Soft-DTW [47] is a differentiable loss function suitable
for Dynamic Time Warping. This allows for the application of gradient-based algorithms
in the context of time series analysis. The barycenter is defined as the time series that
minimizes the aggregate distance between itself and the other time series within a given
dataset. Finally, a further centroid-based feature selection method was implemented in
the K-mean-based longitudinal clustering, where the features with the closest similarity
between cluster centroids (that means overlapping) were discarded (since such features
decrease cluster separation), and the algorithm performs a new execution with the new
set of features. It is worth noting that a propaedeutic step to clustering is to scale data
opportunity. In the case under study, we adopt z-score normalization.

Validation

To systematically assess the efficacy of the proposed longitudinal clustering algorithms
in accurately grouping subjects based on their similar joint trajectories of pertinent fea-
tures, we conducted a series of experiments utilizing synthetic datasets. These experi-
ments were designed to evaluate the algorithm’s performance across varying degrees of
data variability, achieved by manipulating the levels of within-group and between-group
correlations in the synthetic datasets. These datasets were designed to simulate realistic
scenarios where subjects exhibit longitudinal data across multiple time points, with tem-
poral dependencies influencing the clustering structure. Hence, to validate the proposed
approach, five scenarios have been simulated by increasing the level of variability. We
started with well-separated groups characterized by very low within-group variability
(i.e., high temporal consistency within groups) and high between-group separation to
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total overlapping groups, characterized by high within-group variability (i.e., low tem-
poral consistency within groups) and low between-group correlation leading to substan-
tial overlap and noise in the data. The intermediate cases concern both well-separated
groups with moderate intra-group variability and high between-group separation and
moderate overlapping groups characterized by an increased within-group and between-
group variability with respect to the previous case, resulting in a moderate overlapping
between groups.

The proposed longitudinal clustering algorithm proved to be efficient in detecting
clusters even when moderate overlapping among groups is present. However, in the
presence of high within-group variability and low between-group correlation, the algo-
rithm’s ability to effectively identify clusters diminished significantly. Further details of
the validation analyses and full results are reported in the Appendix.

The case-study dataset

Data used in this paper were obtained from the Open Access Series of Imaging Stud-
ies-3 (OASIS-3) database [7]. OASIS-3, collected by Washington University Knight
Alzheimer Disease Research Center provided Magnetic Resonance (MR) imaging and
related clinical data of 1098 participants, consisting of 605 cognitively normal adults and
493 individuals at various stages of cognitive decline ranging in age from 42 to 95 years.
OASIS-3 is unique in that the initial enrollment focused on the pre-clinical cohort and
followed longitudinal progression. For each participant, OASIS-3 documents the corre-
sponding entries in a time series.

Participants were assessed through clinical protocols following the National Alzhei-
mer’s Coordinating Center Uniform Data Set (UDS) [48]. UDS assessments included
participant demographics, family history of AD, medical history, physical examination,
and neurological evaluation, each recorded in a dedicated dataset.

Dementia status was assessed for the UDS using the Clinical Dementia Rating (CDR)
Scale [49]. In addition, also Clinical Dementia Rating Scale Sum of Boxes (CDR-SB) [50]
and Mini-Mental State Examination (MMSE) [51] are included in the dataset as indica-
tors of dementia, with the CDR-SB providing more stratified categories. Table 1 reports
dementia stages according to these metrics.

All participants were required to have a CDR < 1 at the baseline visit. Participants who

reached CDR = 2 were no longer eligible for in-person assessments.

Table 1 Cognitive metrics for dementia stages

Normal Very Mild Impairment Mild Moderate Severe Dementia
Impairment Dementia
CDR 0 0.5 1 2 3
CDR SB Ques- Very Mild
tionable Dementia
Dementia
0 [0.5, 2] [2.5,4] [4.5,9] [9.5,15.5] [16,18]

MMSE 30 [26, 29] [21,25] [0,10]
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The Neuropsychiatric Inventory (NPI) was used to assess neuropsychiatric symptoms
(NPS). This 12-item informant-based interview is a widely accepted measure of NPS in
dementia. NPS consists of 12 domains: delusions, hallucinations, agitation/aggression,
depression, apathy, irritability, anxiety, euphoria, aberrant motor behavior, disinhibition,
and sleep and appetite disturbance. Each NPS domain is rated according to its severity
(0-3). The behavioral assessment was performed using the Geriatric Depression Scale
(GDS). The GDS taps the affective and behavioral symptoms of depression and excludes
most symptoms that may be confused with somatic disease (for example, slowness,
insomnia, etc.). It is a yes/no self-report questionnaire completed by the patient.

Finally, we take the final diagnosis of a patient given by a clinician from the feature
diagnosis (DX) of the dataset. The clinician diagnosis classifies each individual as either
cognitive normal (CN), with dementia (AD), or with an uncertain diagnosis (U).

Dataset pre-processing and feature selection

Before performing cluster analysis, data was pre-processed to collect patients with
at least five visits. Moreover, a feature selection process has been applied to take into
account only relevant features. Such a pre-processing phase on the OASIS-3 dataset was
carried out in several steps.

Firstly, all the UDS datasets were merged, and a new dataset was obtained from which
only the participants with 5 consecutive visits occurring with an annual frequency, with
a tolerance of 2 months, were selected. This step resulted in a complete dataset of 166
subjects.

Subsequently, a feature selection process was conducted to select the most relevant
features to reduce the cardinality of the input features, thus improving the computa-
tional cost of modeling and the model’s performance. This process is articulated as
follows.

First, since our aim is to uncover feature patterns that are not directly connected to the
effects of Alzheimer’s disease on brain structure, we removed the features related to the
MRI and PET images that account for the brain structural changes.

Then, the UDS features related to the final clinical assessment are discharged, as these
indicators are widely utilized in assessing Alzheimer’s disease. Therefore, CDR, CDR-SB,
and MMSE scores are excluded from the clustering analysis. For the same reason, the
diagnosis feature DX is also excluded from the analysis. After that, the features with at
least 20% of undefined values for all 5 visits were eliminated because they did not signifi-
cantly contribute to the study and could wrongly affect the clustering as well as features
containing values labeled as unknown. Then, filtering using the Pearson correlation coef-
ficient was performed to remove high-correlated features. After these steps, thirty-four
features have been collected. The list of these features and the range of their values are
reported in the supplementary material. Then, this set of features is given as input of
our longitudinal clustering as described in Algorithm 1 that performs a further feature
selection discharging twenty-seven further features. The seven features that were finally
selected refer to neuropsychological factors: GDS, agitation, dysphoria, anxiety, disinhi-
bition, irritability, and apathy.
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Longitudinal clustering results

As previously said, a total of 166 subjects were identified in the OASIS-3 dataset after
data pre-processing to be included in the proposed longitudinal analysis, whose diagno-
sis at the baseline visit (t = 0), reported by the variable DX in the original dataset, are so
distributed: 123 (i.e., 74.1%) have a diagnosis of cognitive normal (CN) and a CDR score
equal to 0, 21 (i.e., 12.7%) have dementia diagnosis (AD) and a CDR score in the range
of [0.5, 1], and 22 (i.e., 13.2%) have an uncertain diagnosis (U) and a CDR score equal to
0.5. All participants had four follow-up assessments, each occurring at one-year inter-
vals, on average.

At the final visit (¢ = 4), 118 (i.e., 71.1%) individuals were diagnosed with normal cog-
nition (CN), 32 (i.e., 19.3%) with dementia (AD), and 16 (i.e., 9.6%) remained with an
uncertain diagnosis (U). Among AD individuals, the majority had mild dementia (i.e.,
87.5%, CDR score € [0.5,1]), while the remaining (i.e., 12.5%) had moderate dementia
(CDR=2). No severe diagnoses are presented. All individuals with uncertain diagnoses
at the final visit show a CDR score of 0.5.

Given the unsupervised nature of the problem, meaning that subtypes do not have
known labels, there is no standard way to use prediction ability to drive model selection.
To determine the number of clusters, we evaluated the performance of the longitudi-
nal clustering by varying the number of clusters from 2 to 6 using the three most com-
mon clustering metrics: the Silhouette score (SS) [52] utilized to assess the cohesion and
separation of clusters in the [—1; 4+1] interval (the higher, the better); the Davies-Bouldin
index (DBI) [53]) that measures the ratio of within-cluster distances to between-cluster
distances in the [0; +00) interval (the lower the better); and the Calinski-Harabasz index
(CHI) [54] that evaluates the ratio of between-cluster dispersion to within-cluster dis-
persion in the [0; +00) interval (the higher the better). According to the results reported
in Table 2, the best values of the metrics are obtained for k = 2.

Figure 1 shows the results of the longitudinal clustering with k=2. Mainly, here we
can observe the trend of the selected NPS features (DISN - Disinhibition; IRR - Irritabil-
ity; APA -Apathy; AGIT-Agitation; DYSPH - Dysphoria; ANX- Anxiety; GDS- Geriatric
Depression Scale) at the baseline (referred to as 0 on the x-axis) and during the follow-
up assessments (points 1, 2, 3 and 4 on the x-axis). As we can note, the two clusters are
clearly separated, making it easy to identify subjects without neuropsychiatric symptoms
in Cluster 2 and those with neuropsychiatric symptoms in Cluster 1.

To deepen the analysis, we also examine the characteristics of these clusters from the
perspective of the cognitive profile determined by the CDR and MMSE that were not
included in the clustering process. As shown in Fig. 2, there is a clear separation dur-
ing the whole follow-up assessments between healthy subjects, with an average MMSE
~ 29 and an average CDR ~ 0, and cognitively impaired individuals that show a slight
decrement of the MMSE and a slight increment of the CDR-SB. This trend is very likely
because, with k = 2, the obtained separation is simply between healthy subjects and all
the other subjects having some kind of cognitive problems.

It is evident that although the clustering metrics are higher with k = 2, there is no
stratification of individuals with different profiles in terms of neuropsychological symp-
toms and cognitive decline. Usually, in deciding the number of clusters, two types of
errors may occur. The first error occurs when k groups are identified in the data, but in
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reality, the number of groups is less than k, resulting in a solution with too many clus-
ters. The second type of error occurs when a number of groups lower than those actually
present in the data is set, thus obtaining a partition with too few clusters. Although the
severity of the two error types varies depending on the application context, erroneously
considering too few groups leads to a loss of information stemming from the merging of
distinct groups.

Thus, since kK = 2 and k = 3 show comparable performance metrics (see Table 2), we
decided to examine the cluster internal composition with respect to the diagnosis fea-
ture that was also not included in the clustering process, both for k =2 and k = 3 to
reveal further stratifications in the population of individuals with cognitive decline, con-
sidering their neuropsychological symptoms.

Tables 3 and 4 report the composition of clusters obtained with k =2 and k = 3,
respectively, accordingly to the clinical diagnosis.

For both k = 2 and k = 3, longitudinal clustering determines a cluster of cognitively
normal subjects (respectively Cluster 2 for k = 2 and Cluster 1 for k = 3), but with a bet-
ter distribution obtained for k = 3 with the 86.3% of healthy individuals w.r.t. the 84.2
% for k = 2. Moreover, for k = 3, the algorithm identifies a subset of individuals with
dementia (i.e., Cluster 3) that, for k = 2, were entirely contained in Cluster 1. It is also
worth noting that with k = 3, in Cluster 3, there are no CN (healthy) individuals at the
final visit, denoting the greater discriminative capacity achieved by increasing the num-
ber of clusters.

Further analysis concerning the individuals belonging to clusters obtained with differ-
ent k values clearly reveals the increased individual stratification obtained with k = 3 as
reported in the diagram of Fig. 3.

The longitudinal clustering with k = 3 was carried out on the same features, and the
results of their trends for each cluster are reported in Fig. 4. As shown, Cluster 1 groups
individuals with a very slight level of depression (GDS) and with a stable trend of the
relevant NPI domains, without problems in each domain over time. Regarding Cluster
2 and Cluster 3, individuals show similar problems concerning dysphoria and disinhibi-
tion, but they differ in what concerns agitation, anxiety, irritability, and apathy. In par-
ticular, individuals of both Cluster 2 and Cluster 3 present a relatively stable trend of
dysphoria, with a little increment of disinhibition for individuals of Cluster 3 that instead
remains stable for the ones of Cluster 2. Differences between the two clusters arise from
the third assessment since individuals in Cluster 3 experienced a further decline in the
NPI domains related to anxiety, agitation, irritability, and apathy.

Table 2 Clustering performance results

# Clusters SS CHI DBI

2 0.688 241.05 0.659
3 0610 22042 0.835
4 0.584 205.56 0.866
5 0.348 148.87 1.164
6 0.344 140.09 1.273

Silhouette score (SS) interval:[—1; +1], the higher the better. Calinski-Harabasz index (CHI) interval: [0; 4+00), the higher
the better. Davies-Bouldin index (DB) interval:[0; +00), the lower the better
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Fig. 1 Trends of the clusters’ centroids for the analyzed variables of the OASIS-3 dataset with k = 2,

starting from the baseline 0, and considering the four subsequent visits (1-4). Each cluster centroid trend is
represented with a different color. AGIT (Agitation): 0 no, 1 mild, 2 moderate, 3 severe. ANX (Anxiety): 0 no,

1 mild, 2 moderate, 3 severe. APA (Apathy): 0 no, 1 mild, 2 moderate, 3 severe. DISN (Disinhibition): 0 no, 1
mild, 2 moderate, 3 severe. DYSPH (Dysphoria): 0 no, 1 mild, 2 moderate, 3 severe. GDS (Geriatric Depression
Scale): 0-4 no significant depression, 5-9 mild depression, 10-15 severe depression. IRR (Irritability): 0 no, 1
mild, 2 moderate, 3 severe. x axis: time in years, starting from the baseline at year 0, and considering the four
subsequent visits (1-4). y axis: feature value

For what concerns the cognitive aspects, as reported in Fig. 5, Cluster I groups indi-
viduals whose cognitive profile is stable over the five visits with a value of CDR = 0,
CDR — SB ~ 0 and MMSE =~ 29 on average, thus identifying subjects that do not show
a cognitive decline. Cluster 2 also groups individuals whose cognitive profile is stable
over the five visits, but with different values of the diagnostic measures, CDR = 0.5,
1 < CDR — SB < 2 and MMSE =~ 28 on average, thus identifying subjects that show a
little cognitive impairment. Cluster 3 groups individuals who show a cognitive decline
during the follow-up assessments, as highlighted by the increasing CDR toward
a value of 1, the increasing CDR-SB toward a value of 5, and the decreasing MMSE
toward a value below 22 (Table 1). Thus, also, the cognitive profiles reported in Fig. 5
confirm the increased stratification with k = 3.
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Fig. 2 Average values of CDR, CDR-SB and MMSE within the clusters for k = 2

Table 3 Cluster composition with k = 2 versus diagnosis

DX Cluster 1 Cluster 2 DX Cluster 1 Cluster 2
Baseline N=27 N=139 Final N=27 N=139
CN 22.2% 84.2% CN 25.9% 79.9%
AD 51.9% 5.0%% AD 66.7% 10.1%

V] 25.9% 10.8% V] 7.4% 10.1%

DX diagnosis, CN cognitive normal, AD Alzheimer’s disease, U uncertain diagnosis

Table 4 Cluster composition with k = 3 versus diagnosis

DX Cluster 1 Cluster 2 Cluster 3 DX Cluster 1 Cluster 2 Cluster 3
Baseline N=131 N=26 N=9 Final N=131 N=26 N=9

CN 86.3% 34.6% 11.1% CN 80.9% 46.2% 0%

AD 4.6% 38.5% 55.6% AD 9.9% 42.3% 88.9%

U 9.1% 26.9% 33.3% V] 9.1% 11.5% 11.1%

DX diagnosis, CN cognitive normal, AD Alzheimer’s disease, U uncertain diagnosis

Hence, there is evidence that the results with k = 3 stratify more than k = 2, sepa-

rating individuals with a higher cognitive decline from those in borderline situations.

Thus, despite the slightly better clustering metrics with k = 2, we decided to deeply

analyze the results with k = 3.

Statistical analysis for three clusters

A statistical analysis was conducted to evaluate and compare the neuropsychiatric

symptoms and cognitive performance among the identified clusters for each visit. We

utilized the 0.05 p-value threshold for statistical significance.

Page 13 of 31
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Fig. 3 Comparing individuals distributions fork = 2and k = 3

The categorical variables were examined using a %2 test [55] to determine statisti-
cally significant differences among clusters. The quantitative variables were examined
using the ANOVA or the Kruskal-Wall tests [56] based on the normality of their dis-
tribution. A pairwise comparison with post-hoc Tukey’s test [57] was performed on
variables showing statistical differences between clusters. All statistical analyses were
performed using Python libraries.

Table 5 reports the characteristics of individuals in each cluster along with the related
p-value at the baseline. Qualitative variables were represented in terms of frequency and
percentage, while quantitative variables were represented in terms of mean and standard
deviation (mean + SD).

As we can see in Table 5, there are no statistical differences between clusters in terms
of age and education at the baseline. Individuals in each cluster show an average age
of 73 years and an education level of 15 years. There is a statistical difference for gen-
der (p =3.2-1073). A x2 post-hoc reveals differences between Cluster 1 and Cluster 2
and Cluster 1 and Cluster 3, while no gender difference between Cluster 2 and Clus-
ter 3 are revealed. Since Cluster 2 and Cluster 3 group subjects with major psychologi-
cal concerns, the prevalence of male subjects within these clusters suggests that males
are more affected than females by psychological disorders in elderly age. On the con-
trary, as shown in Table 5, there are statistically significant differences among clusters
at the baseline for the MMSE (p = 4 - 1072), the CDR (p = 4.7 - 10~11) and CDR-SB
(p=74-10713),

A statistical analysis of the five visits was performed, leading to the following consider-
ations regarding the features characterizing the severity of dementia, i.e., MMSE, CDR,
and CDR-SB, and those related to the NPS domains.

Clusterl vs Cluster 2 - For the MMSE, the post-hoc Tukey’s test shown in Fig. 6 reveals
that Cluster 1 and Cluster 2 are significantly different at visits 2 (p < 0.05), 3, and 4
(p < 0.01), while no statistical difference is present at visits 1 and 5. For the CDR, a sta-
tistically significant difference among clusters is highlighted at baseline (p = 4.7 - 10711
in Table 5). The post-hoc x 2 test on CDR shown in Fig. 6 reveals that the two clusters are
significantly different at all visits (p < 0.001). The same occurs for the CDR-SB. These
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Fig. 4 Trends of the clusters’ centroids for the analyzed variables of the OASIS-3 dataset with k = 3. Each
cluster’s centroid trend is represented with a different color. AGIT (Agitation): 0 no, 1 mild, 2 moderate, 3
severe. ANX (Anxiety): 0 no, 1 mild, 2 moderate, 3 severe. APA (Apathy): 0 no, 1 mild, 2 moderate, 3 severe.
DISN (Disinhibition): 0 no, 1 mild, 2 moderate, 3 severe. DYSPH (Dysphoria): 0 no, 1 mild, 2 moderate, 3
severe. GDS (Geriatric Depression Scale): 0-4 no significant depression, 5-9 mild depression, 10-15 severe
depression. IRR (Irritability): 0 no, 1 mild, 2 moderate, 3 severe. x axis: time in years, starting from the baseline
atyear 0, and considering the four subsequent visits (1-4). y axis: feature value

results confirm that Cluster 1 and Cluster 2 group individuals with different cognitive
profiles, with healthy subjects in Cluster 1, as derived from the cognitive indicators’ val-
ues. Regarding the NPS domains (Fig. 7), Cluster 1 and Cluster 2 present a statistically
significant difference for agitation, apathy, dysphoria, irritability, and disinhibition for all
visits, while for anxiety, there is a difference at all visits except the last visit. For geriatric
depression, Cluster 1 and Cluster 2 present a statistically significant difference for all vis-
its, with p < 0.05 for visits 1, 2, and 5, and p < 0.01 for visits 3 and 4.

Cluster 1 vs Cluster 3 - For the MMSE, the post-hoc Tukey’s test shown in Fig. 6 reveals
that the two clusters are significantly different at all visits (p < 0.01). The same occurs
for CDR and CDR-SB with p < 0.001. Regarding the NPS domains (Fig. 7), Cluster 1



Ribino et al. BioData Mining (2025) 18:26 Page 16 of 31

5| mmm Cluster 1 ~ mmm Cluster 2 B Cluster 3 mmm Cluster 1 Bmm Cluster2  mmm Cluster 3

Visits

B Cluster 1  mmm Cluster 2 mmm Cluster 3

2 4

Visits

Fig. 5 Average values of CDR, CDR-SB and MMSE for k = 3

and Cluster 3 present a statistically significant difference for agitation, anxiety, apathy,
irritability, and disinhibition for all visits, while for dysphoria, there is a difference at all
visits except visit 2. For geriatric depression, Cluster 1 and Cluster 3 present a statisti-
cally significant difference only at visit 4, with p < 0.05 for visits 1, 2, and 5, and p < 0.01
for visits 3 and 4.

Cluster 2 vs Cluster 3 - For the MMSE, the post-hoc Tukey’s test shown in Fig. 6
reveals that the two clusters are significantly different at all visits (p < 0.01 at visit 1 and
p < 0.001 for the others), except at visit 3. Nevertheless, there are no statistically sig-
nificant differences for CDR and CDR-SB at all visits except for visit 5 (with respectively
p < 0.05and p < 0.01). For what concerns the NPS domains (Fig. 7), Cluster 2 and Clus-
ter 3 present a statistical difference for agitation, anxiety, and apathy only at visits 4 and
5 (with p < 0.05, p < 0.01, p < 0.001). Instead, both for dysphoria and geriatric depres-
sion, there is not a statistically significant difference at all visits. For irritability, there is
a statistically significant difference at visits 3 and 4 (with p < 0.05, p < 0.01), and for
disinhibition, the difference occurs only at the last visit (p < 0.01).

Discussion on the case-study dataset

From the reported clustering results, it emerges that individuals with dementia develop
neuropsychiatric symptoms at some stage of the disease or even well before the disease
onset. This result confirms what is reported in the literature [58] that although Alzhei-
mer’s disease is a cognitive disorder, it is also linked to the development of neuropsy-
chiatric symptoms. The frequency of NPS is much higher in people with AD than in the
general elderly population. As reported in the literature, the main NPS domains that are
affected by the possible disease onset are affective dysregulation, characterized by symp-
toms of anxiety, dysphoria, changeability, or euphoria, impulse dyscontrol, characterized
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Table 5 Participants baseline characteristics

Features Cluster 1 Cluster 2 Cluster 3 p-value
(N=132) (N=26) (N=9)

Age (years) 0.89°

mean (SD) 73+64 73+81 73+£6.7

[min, max] [64, 89] [50,871 [62,83]

Education (years) 0.97°

mean (SD) 15.7£25 158+23 15+£32

[min, max] [10, 20] [12,20] [10,18]

MMSE 40.10"02

mean (SD) 290+£13 284+24 268+238

[min, max] [23,30] [19,30] [22,30]

GDS 13.1070®

mean (SD) 124+16 21+138 25+3

[min, max] [0,9] [0, 5] [1,10]

CDR-SB 74 .10 13

mean (SD) 0.17 £147 13+£13 28+17

[min, max] [0,3] [0,4.5] [0, 5]

CDR 47-1071k

=0 113 (86%) 9 (35%) 1 (11%)

=0.5 18 (14%) 16(61%) 7 (78%)

>1 0 (0%) 1(4%) 1(11%)

Gender 32.10°0%

Female 74 (56%) 8 (31%) 1(11%)

Male 57 (44%) 18(69%) 8 (89%)

AGIT 13.10°1%

=0 123 (94%) 8 (30%) 3(33%)

=1 7 (5%) 9(35%) 2 (22%)

>2 1(1%) 9(35%) 4 (44%)

DEPD 23.1070%

=0 119 (90%) 14 (54%) 5 (56%)

=1 6 (5%) 7(27%) 2 (22%)

>2 6 (5%) 5(19%) 2 (22%)

ANX 25.10~07%

=0 128 (97%) 17 (65%) 6 (66%)

=1 2 (2%) 5(19%) 1(11%)

>2 1(1%) 4(16%) 2 (22%)

DISN 35.1071%®

=0 130 (99%) 20 (77%) 4 (45%)

=1 0 (0%) 5(19%) 2 (22%)

>2 1(1%) 1(4%) 3(33%)

IRR 46.10-160

=0 118 (90%) 8 (31%) 1 (11%)

=1 12 (9%) 8(31%) 3(33%)

>2 1(1%) 10(38%) 5 (56%)

APATHY 49.10-08

=0 127 (96%) 16 (62%) 6 (67%)

=1 2 (2%) 727%) 1(11%)

>2 2 (2%) 3(11%) 2 (22%)

2 Kruskal-Wallis H test
by test

Page 17 of 31
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Fig. 6 Statistical analysis results for cognitive metrics. MMSE (Mini Mental State Examination). CDR (Clinical
Dementia Rating). CDR-SB (Clinical Dementia Rating Sum of Box). C1 (Cluster 1). C2 (Cluster 2). C3 (Cluster 3)

by agitation, irritability, disinhibition, and decreased motivation, characterized by apa-
thy. In line with these outcomes, from our results, it emerged that in individuals with
AD, there are moderately increasing values for dysphoria and disinhibition and a more
evident increment for irritability, apathy, agitation, and anxiety, with the last two symp-
toms worsening significantly during the last visit.

However, a deeper analysis is necessary to interpret the results concerning individuals
with an uncertain diagnosis.

The trend of their neuropsychiatric symptoms is less clear, showing increased irritabil-
ity and agitation but not increased anxiety, dysphoria, apathy, and disinhibition w.r.t. the
general elderly population. As reported in recent Literature [44], new-onset persistent
personality and behavior changes after age 50, rather than signaling a new-onset psy-
chiatric disorder, could be an early manifestation of neurodegenerative disease. Indeed,
Mild cognitive impairment (MCI) is often a transitional state between normal cognition
and dementia, but it can preceded or accompanied by behavioral changes. Mild Behav-
ioral Impairment (MBI) is a neurobehavioral syndrome that can reveal a high risk for
incident dementia by leveraging risk associated with new-onset and persistent neu-
ropsychiatric symptoms (NPS).

As we have seen from our results, NPS occurs in almost all individuals with an uncertain
diagnosis, including agitation, depression, anxiety, apathy, disinhibition, and irritability;
these symptoms fluctuate during the follow-up assessments, and they could be ascribable
to an MBI condition. The clinical features of MBI and criteria were developed and vali-
dated by an international panel led by the International Society to Advance Alzheimer’s
Research and Treatment (ISTAART) NPS Professional Interest Area [59]. The ISTAART-
MBI diagnostic criteria require demonstration that a change has occurred in at least 1 of
the 5 core domains of NPS: decreased drive or motivation (apathy), affective dysregula-
tion (mood or anxiety symptoms), impulse dyscontrol (for example, agitation, impulsivity),
social inappropriateness (for example, impaired social cognition), and abnormal percep-
tion or thought (i.e., delusions or hallucinations). However, to meet the criteria for MBI,
NPS should emerge after age 50, persist for longer than 6 months, represent a change in
personality or behavior, and are not explained by another psychiatric disorder.
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Fig. 7 Statistical analysis results for neuropsychological symptoms. AGIT (Agitation). ANX (Anxiety).
APA (Apathy). DISN (Disinhibition). DYSPH (Dysphoria). GDS (Geriatric Depression Scale). IRR (Irritability).
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The characterization of individuals with an uncertain diagnosis, i.e., belonging to Clus-
ter 2, that emerges from the trend of their neuropsychological traits seems to be com-
patible with the MBI diagnostic criteria, so providing additional evidence that MBI may
be an early sign and predictor of Alzheimer’s disease dementia and that more attention
should be paid on the number and duration of MBI symptoms [60].

Hence, neuropsychological measures can provide reliable indicators of the presence of
cognitive decline while being cost-effective and minimally invasive. Clinical and experimen-
tal neuropsychological research is beginning to uncover the earliest preclinical cognitive
changes that might predict the subsequent development of dementia. Moreover, it has delin-
eated different cognitive profiles that distinguish AD from other age-associated neurodegen-

erative disorders, which enhances an accurate differential diagnosis of dementia subtypes.

Conclusions

In conclusion, the adopted longitudinal clustering with three clusters was able to differ-
entiate not only healthy subjects from the ones affected by dementia, as occurred with
two clusters, but also to differentiate individuals that present risk factors to progress
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toward dementia. The obtained results are encouraging in adopting unsupervised tech-
niques and longitudinal studies to identify patterns of behaviors in the classes of individ-
uals that are more critical in providing useful insights for early predictors of dementia.

We acknowledge that our study, based on a single dataset, needs further investi-
gation to generalize the obtained results. To confirm the obtained results and prove
the generalizability of our longitudinal clustering algorithm, we plan to apply our
approach to other multi-visit datasets of EHRs, including NPS. Nevertheless, the
results regarding the role of NPS in AD progression highlight the strength of our
algorithm’s intrinsic feature selection.

The validation results on synthetic datasets confirm the effectiveness of the pro-
posed algorithm in discriminating groups, increasing the levels of within-group
variability and between-group overlapping, also changing the group cardinality. In
addition, the proposed algorithm can be applied to categorical data since a trajectory
may be represented as a sequence of states rather than a continuum.

In future work, we plan to apply the algorithm to larger datasets to evaluate its
computational performance.

Appendix

Several experiments were performed on synthetic datasets created by manipulating
the levels of within-group and between-group correlations to evaluate the algorithm’s
performance considering varying degrees of data variability. Each experiment under
the same variability condition consisted of 50 tests to calculate average performance
values. Each test was executed on a different synthetic dataset randomly generated
with the same within-group and between-group correlations. For the experimen-
tal design, we considered a synthetic dataset composed of 150 subjects. To give the
datasets a longitudinal structure, we considered that each subject was observed at 10
distinct time points, with two features recorded per subject at each time point. This
design aimed to capture the temporal evolution of each subject’s features, reflect-
ing typical longitudinal study settings where subjects are repeatedly measured over
time. The subjects in the datasets were labeled as belonging to three different groups.
The number of subjects per group was varied randomly in each test of each experi-
ment, thereby introducing variability in the group sizes to better simulate real-world
datasets. The features for each subject were generated with a degree of within-group
correlation, meaning that the feature values for each subject followed consistent tem-
poral patterns over time, with varying levels of correlation depending on the experi-
mental condition. The within-group correlation was manipulated to represent low,
moderate, or high temporal consistency. The datasets were generated to exhibit also
varying degrees of between-group separation with different experimental conditions
designed to create well-separated, overlapping, or highly variable group structures.
These experiments allowed us to assess the algorithm’s sensitivity to different levels of
group separation and temporal variability. Hence, to validate the proposed approach,
five scenarios have been simulated by increasing the level of variability:
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— Case 1: Well-separated Groups - In this scenario, the groups were characterized by very
low within-group variability (i.e., high temporal consistency within groups) and high
between-group separation. In this case, the data for each group exhibit distinct and well-
defined temporal patterns. Figure 8 illustrates this case, demonstrating clear separation
between groups. Figure 9 shows the temporal trends of the two features across ten time
points for the three groups, showing distinct trajectories and low variability within groups.

— Case 2: Well-separated Groups with a moderate intra-group variability - In this
scenario, the groups were characterized by moderate temporal consistency within
groups and high between-group separation. Figures 10 and 11 illustrate this case,
demonstrating clear separation between the groups and highlighting trajectories
with moderate variability within groups.

— Case 3: Partial Overlapping Groups - In this case, we introduced higher within-
group and between-group variability with respect to the previous case, resulting in
partial overlap between groups, as shown in Figs. 12 and 13.

— Case 4: Moderate Overlapping Groups - In this case, within-group and between-
group variability is increased with respect to the previous case, resulting in a moder-
ate overlapping between groups (see Figs. 14 and 15).

— Case 5: Total Overlapping Groups - The last case was designed to test the algorithm
in an extreme situation, namely in the presence of high within-group variability (i.e.,
low temporal consistency within groups) and low between-group correlation leading
to substantial overlap and noise in the data. This setup represented a more difficult
scenario for clustering, where the temporal patterns across groups were highly vari-
able and inter-group distinctions were weak. Figure 16 shows Feature 1 vs Feature 2
with significant overlap and less discernible separation between the groups, reflect-
ing the high variability and weak between-group correlation. Figure 17 for this case
depicts temporal trends with high within-group variability, showing total overlap-

ping trajectories and substantial noise in the feature values over time.
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Fig. 8 Scatter plot of Feature 1 vs Feature 2 - CASE 1
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Fig. 11 Temporal trends for features across time for each group in CASE 2
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Fig. 13 Temporal trends for features across time for each group in CASE 3
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Fig. 15 Temporal trends for features across time for each group in CASE 4
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Fig. 17 Temporal trends for features across time for each group in CASE 5

Evaluation Results - The performance of the clustering algorithm was assessed using
both internal and external clustering performance metrics. Internal clustering evalua-
tion metrics are utilized to assess the quality of clustering results based exclusively on
the intrinsic properties of the data, independent of any external information or prede-
fined labels. Here we adopted the Silhouette score [52] utilized to assess the cohesion and
separation of clusters in the [—1; +1] interval (the higher, the better); the Davies-Bouldin
index (DBI) [53]) that measures the ratio of within-cluster distances to between-cluster
distances in the [0; +00) interval (the lower the better); and the Calinski-Harabasz index
(CHI) [54] that evaluates the ratio of between-cluster dispersion to within-cluster dis-
persion in the [0; 4+00) interval (the higher the better).

On the contrary, external clustering evaluation metrics measure the quality of clus-
tering results by comparing them to external labels, like the data’s actual class labels.
They assess how well the clustering results match a pre-defined structure [61]. Here,
we adopted the Homogeneity score (HS) that measures how many data points within
a cluster belong to the same class. In other words, a clustering result is homogeneous
if most of the data points in a cluster are from the same true class. The homogeneity
score ranges from [0; 1], where 1 means perfect homogeneity (i.e., all points in each
cluster belong to the same true class). Completeness score (CS) evaluates whether all
data points that belong to the same class are assigned to the same cluster. A clustering
result is complete if all data points from a single class appear in the same cluster. The
Completeness score ranges from [0; 1], where 1 indicates perfect completeness, mean-
ing that all members of a class are grouped together in one cluster. Finally, Normalized
Mutual Information (NMI) quantifies the amount of shared information between the
clustering and the true class labels, normalized to account for the number of clusters
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and the number of classes. It provides a balance between homogeneity and complete-
ness by measuring how much information the clustering reveals about the true class
distribution, while also taking into account the number of clusters and the inherent
class distribution. NMI ranges from [0; 1], where 1 indicates perfect correlation (i.e.,
the clustering perfectly reflects the true class labels), and 0 indicates no mutual infor-
mation (i.e., the clustering provides no insight into the true labels).

Table 6 reports the mean performance values for all metrics across the 50 tests for
each considered scenario.

Table 6 Performance comparison under different variability conditions

Performance Comparison

SS CHI DBI HS cs NMI
CASE 1 0.9998 1196749 0.02 1 1 1
CASE 2 0.9887 19868.1 0.08 1 1 1
CASE 3 09177 25517 0.23 1 1 1
CASE 4 0.6342 655.0 061 097 0.98 097
CASE 5 0.3830 2355 1.14 0.81 0.86 0.83

Silhouette score (SS) interval:[—1; 4-1], the higher the better. Calinski-Harabasz index (CH/) interval: [0; +00), the higher
the better. Davies-Bouldin index (DB/) interval: [0; 4-00), the lower the better. Homogeneity score (HS) interval: [0; 1] the
higher the better. Completeness score (CS) interval: [0; 1] the higher, the better. Normalized Mutual Information (NMI)
interval: [0; 1] the higher, the better

As we can see, in CASE 1, the algorithm exhibited strong performance across all
evaluation metrics, with the highest value of silhouette score, a very high value of
Davis-Bouldin Index, and a value of Calinski-Harabasz Index = 0. These results
are consistent with the clear separation of groups and low within-group variability.
The values of the external metrics of Completeness, Homogeneity, and Normalized
Mutual Information highlight that all groups are clusterized correctly.

Regarding CASE 2, also in this case, the algorithm obtained very high performance
with respect to all metrics. The values of external metrics show a very slight decrease
due to the low variability of temporal trends for each subject.

In the partial overlapping case (CASE 3), the algorithm’s performance remained
good, though a slight decrease in performance was observed across the first three
metrics compared to the previous cases. Silhouette scores were somewhat lower,
indicating some overlap between the clusters, while DBI and CHI showed moder-
ate degradation. However, CS, HS, and NMI highlight that all groups are clusterized
correctly.

In the moderate overlapping case (CASE 4), the algorithm’s performance starts to
decrease. A decrease in performance was observed across the first three internal met-
rics compared to the previous cases, reflecting more overlapping groups. However,
CS, HS, and NMI remained high, suggesting that the algorithm was still able to assign
most subjects to their correct group despite some misclassifications at the boundaries
of the overlapping regions.

Finally, in extreme CASE 5, the algorithm’s performance significantly declined in
the presence of high within-group variability and low between-group correlation. The
Silhouette scores were notably lower, reflecting poor separation between clusters.
Both the DBI and CHI notably worsened, indicating reduced inter-cluster separation
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and increased intra-cluster variability. Completeness and Homogeneity scores also
dropped, suggesting that the algorithm struggled to correctly assign subjects to their
respective groups. The algorithm performance in this case is markedly worse due to
the high noise and weak group separation in the data.

It is important to underline that Soft Dynamic Time Warping has been chosen as a
distance metric for its ability to better work with time series, especially in situations
where there is overlap or variability in features. This is why the performance of CASE
3 and CASE 4 benefit from these metric characteristics. Indeed, Soft DTW [47] is a
smoother version of Dynamic Time Warping (DTW). Unlike traditional DTW, which
gives a binary “match” or “mismatch” between points in two time-series sequences, Soft
DTW assigns a soft cost for the warping path. This means that it allows for more flex-
ibility in aligning time-series data that may have noise, outliers, or slight misalignments.
Its ability to focus on trends rather than precise values helps when there is some overlap
in the features, as the algorithm can still find common patterns in the data even when
the exact feature values are not the same. Soft-DTW provides a principled way to differ-
entiate between overlapping trajectories by leveraging global alignment costs rather than
local point-wise differences. Even in cases of significant overlap, the clustering results
remain valid due to Soft-DTW’s ability to capture temporal and structural variations in
trajectory patterns [62]. Hence, because of its soft matching approach, soft DTW is less
sensitive to noise and outliers than traditional methods. Thus, if there is some overlap or
noise in the features of the longitudinal data, Soft DTW’s smoother approach to warping
helps it tolerate these inconsistencies and still identify the underlying patterns, improv-
ing clustering quality. This flexibility helps in cases where there is some overlap or vari-
ation in the features being measured, leading to more accurate clustering results despite
those variations. Soft DTW focuses on the temporal alignment and overall trends of the
time series rather than on exact feature values at specific time points.

In conclusion, the proposed longitudinal clustering algorithm demonstrated a high
degree of efficacy in identifying well-separated clusters when the data exhibited clear
temporal patterns and low within-group variability. Under conditions where groups
exhibited moderate overlap or varying levels of temporal correlation, the algorithm
maintained reasonable performance, although some degradation in clustering qual-
ity was observed. However, in the presence of high within-group variability and low
between-group correlation, the algorithm’s ability to effectively identify clusters
diminished significantly. The results, as detailed in Table 6, highlight the algorithm’s
strengths in scenarios with well-defined temporal patterns but also reveal its limita-

tions in handling very noisy, highly variable longitudinal data.
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CHI Calinski-Harabasz index
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DYSPH Dysphoria
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MBI Mild Behavioral Impairment
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