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Abstract—Mild Cognitive Impairment (MCI) is a syndrome
characterized by cognitive impairment that is greater than
expected for a subject’s age and level of education. Nevertheless, it
does not interfere with daily activity. Prevalence in epidemiologi-
cal and population-based studies ranges from 3% to 19% in adults
older than 65 years. A very interesting approach in this area
is related to the identification of an Artificial Intelligence (AI)-
based model and a subset of relevant features to predict the MCI
clinical outcome. In our study, we propose a Pareto-optimality-
based approach to identify the best model for predicting MCI. In
fact, the best model achieves an Accuracy and Recall on Yes MCI
of 71% and 80% respectively. With this approach, it is possible
to select the best model in order to predict Yes MCI (highest risk
class). Our study presents a new best model selection approach
that can be applied in identifying the best model that can be
applied in various disease classification problems.

Index Terms—MCI-Prediction, Machine Learning, Multi ob-
jective optimization.

I. INTRODUCTION

The concept of MCI, introduced by Petersen et al at the
end of the 1990s, covers the cognitive ageing discipline [1].
MCI describes a condition in which an individual develops an
age-independent decline in cognitive abilities, but not severe
enough to meet the criteria for dementia. MCI can affect
memory, language, attention, and other cognitive functions and
is a risk factor for dementia. According to the Alzheimer’s
Association, about 15 − 20% of people aged 65 or older
have MCI 1. The criteria for MCI diagnosis, defined by
Petersen [1] et al. include: (i) memory problems, (ii) objective
memory disorder, (iii) absence of other cognitive disorders
or repercussions on daily life, (iv) normal general cognitive
function and (v) absence of dementia. In 1997, the emphasis
was on the compulsory presence of memory problems and
memory disorders. In 1999 these criteria were clarified, with
MCI defined solely in clinical terms [2].

MCI corresponds to stage 0.5 on the Clinical Dementia Rat-
ing Scale [3]. The concept of MCI made it possible to define
a group of patients at a high risk of developing dementia, par-
ticularly Alzheimer-type dementia. The definition by Petersen,

1https://www.alz.org/alzheimers-dementia/what-is-dementia/related
conditions/mild-cognitive-impairment

however, has been criticized for being tautological. When the
concept of MCI is restricted to only memory disorder, based
on tests used for the early diagnosis of Alzheimer’s disease,
it leads to identifying people at a high risk of progression to
Alzheimer’s disease. Early identification and treatment of MCI
may be essential to delay or prevent the onset of dementia [4].

In recent decades numerous attempts have been made
to classify the boundaries between normal and pathological
aging [5]. Research in MCI field is ongoing and focuses
on understanding the mechanisms underlying the pathology,
developing effective diagnostic tools, and exploring potential
treatments. Recent years have seen promising developments in
identifying biomarkers for MCI, such as brain structure and
function alterations detected through neuroimaging techniques.
As the population ages, the prevalence of MCI is expected to
increase, making it a significant public health concern. There-
fore, further research is needed to improve our understanding
of MCI, its risk factors, and potential interventions to prevent
cognitive decline.

The key task of predictive medicine is to predict the likeli-
hood of contracting a particular disease, to prevent the disease,
or reduce its impact on the patient. Some of the public costs
devoted to health care can be reduced by monitoring subjects
using machine learning techniques to perform fast screenings.
Indeed, in recent years, Data Mining and Machine Learning
(ML) techniques have been successfully applied to solve
predictive medicine and bioinformatics problems. In particular,
ML algorithms in clinical practice are used to improve risk
class prediction as much as possible. On the other hand, AI
has recently contributed to medicine due to its effectiveness
in identifying high-level features deeply embedded in clinical
data. Different studies have investigated the use of ML or Deep
Learning (DL) algorithms to predict clinical outcomes [6]–
[9]. Traditional methods select the best models to perform
such predictions based usually on the overall accuracy of the
candidate models and by estimating other metrics. However,
correctly classifying the subjects who are likely to contract a
particular disease is more crucial than having a satisfactory
overall accuracy. Consequently, the selected model should
maximize the number of correctly classified subjects at risk,



even if it means sacrificing some overall accuracy. In other
words, we need to identify the models that provide the
best balance between these two aspects. For this reason, we
propose a Pareto-optimality-based approach to identify the
best ML model. Specifically, we test our approach by training
several ML models on features of the Salus in Apulia elderly
cohort [8] to predict MCI using simple data available on the
clinical dataset that best describes the outcome.

To summarize, the contributions of this work are:
• Our approach is based on easily available data in health

datasets to predict MCI;
• Perform best model selection by exploiting a Pareto-based

approach, in order to select the best model able to achieve
an high overall accuracy and reducing the number of
miss-classifications in predicting MCI subjects;

The remainder of this article is organized as follows: Sec-
tion II introduces the rationale and background. Section III
shows the proposed approach and experimental results in
Section IV. Our article is concluded in Section V.

II. RATIONALE AND BACKGROUND

This section provides the background on MCI systems.
Alzheimer’s disease (AD), a type of dementia primarily af-

fecting the elderly, is prevalent in society. Detecting AD in its
early stages poses a challenge for medical professionals, and
currently, no biomarker is entirely reliable in detecting early-
stage AD. Unfortunately, AD remains incurable, and clinical
trials for AD drugs have had a high rate of failure. Many DL
and supervised classification algorithms have been created to
aid in AD identification in recent years. Nevertheless, these
methods are still imperfect and are not yet able to identify
AD with the highest accuracy.

MCI is a progressive and permanent neurological condition
that frequently precedes AD and can lead to cognitive decline
in older individuals. Early detection is crucial in implementing
treatment approaches aimed at improving the quality of life for
patients with MCI, as there are currently no known remedies
or interventions to halt or reverse its progression.

In this regard, a different work will be discussed with a
focus on the analysis of MCI, using Machine Learning and
DL techniques.

Ansart et al. [10] seeks to address the issue concerning the
significance of following proper guidelines for utilizing ML as
a decision-making tool in clinical settings. The study investi-
gated the automatic prediction of the clinical state progression
of individuals with MCI. The results of this systematic and
quantitative review, conducted on 234 experiments coming
from 111 articles, raise doubts about the effectiveness of
imaging, specifically Magnetic Resonance Imaging (MRI), in
forecasting the advancement of individuals with MCI towards
dementia. In particular, they showed that studies using cogni-
tive variables or FDG PET reported significantly better results
than studies that did not, and that including other feature types
does not significantly improve performance compared to using
cognition or FDG PET alone. To sum up, the authors demon-
strated that even though a considerable number of techniques
have been developed for T1 MRI, employing this imaging
modality alone results in notably inferior performance.

Following the PRISMA guidelines, a comprehensive evalu-
ation was carried out by Grueso et al. [11] on 452 studies

that utilized ML techniques to analyze neuroimaging data.
The primary objective was to determine whether individuals
with MCI were prone to developing Alzheimer’s disease
dementia or maintaining their current state. According to
the findings, the use of both MRI and PET in studies led
to higher accuracy in classification compared to those using
only one neuroimaging technique. The majority of the studies
analyzed MRI and PET, while some also incorporated mag-
netoencephalography. The primary source of the datasets used
in the research was the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database. Support Vector Machine (SVM)
was the most prevalent and had an average accuracy of 75.4%.
However, Convolutional Neural Network (CNN) had a higher
average accuracy of 78.5%.

Alvi et al. [12] work on the detection of MCI using
Electroencephalography (EEG) data. The authors proposed a
DL approach that involved a Gated Recurrent Unit (GRU)
model, aimed at accurately distinguishing MCI participants
from Healthy Control (HC) subjects based on their EEG
data. The stability and effectiveness of the proposed GRU
model were assessed by comparing it with other classifiers
such as Long Short-Term Memory (LSTM), SVM, and K-
Nearest Neighbor (KNN) models. To evaluate the framework’s
stability, a 5−fold cross-validation was performed. The GRU-
based deep learning model proposed in the study proved to be
a dependable biomarker and assisted technicians in creating
an innovative automated MCI detection approach. In fact, the
GRU-based MCI detection system framework showcased its
ability to differentiate between healthy and MCI subjects with
high accuracy.

Forouzannezhad et al. [13] work on distinguishing between
two groups, Normal Controls (CN) and early MCI (EMCI),
to facilitate early diagnosis and treatment planning. They
propose a ML approach that utilizes a Deep Neural Network
(DNN) and combines MRI, Positron Emission Tomography
(PET), and neuropsychological test scores to detect AD at an
early stage. The algorithm achieves an exceptional accuracy of
84.0% in differentiating the cognitively normal control group
from the EMCI group. The experimental results demonstrate
the potential of the proposed deep learning algorithm for
multiclass classification, including CN, late MCI, and AD.
However, in the current literature, none of the reviewed papers
use epidemiological data to predict MCI as most of the papers
use imaging or EEG signal. In summary, the above discussion
confirms that the current literature is lacking. Our work
represents an advance in the state of the art by introducing
a new approach to select the best model that can predict MCI
using simple data readily available in healthcare datasets.

A. Pareto Optimality and Hypervolume

In this Section, we explain the concept of Pareto Optimality.
Its definition is widely exploited in Multi-Objective Opti-
mization Problems. Formally, a Multi-Objective Optimization
Problem (MOOP) is defined as [14]:

min
x

f(x) = {f1(x), f2(x), . . . , fk(x)}

subject to x ∈ X .
(1)

The vector x ∈ Rn is formed by n independent decison
variables. The set X ⊆ Rn, generally known as feasible set,
is defined by a set of equality and inequality constraints. The



vector of functions f(·) is composed by k scalar objective
functions fi : Rn → Rk with i = 1, . . . , k; k ≥ 2. The space
Rk is known as objective function space.

In a MOOP, since typically there is no single global solu-
tion, it is usually adopted the concept of Pareto optimality
which leverages on the Pareto dominance relation [15]. A
vector x⋆ Pareto-dominates vector x, denoted by x⋆ ≺ x,
if and only if: fi(x

⋆) ≤ fi(x)∀i ∈ {1, . . . , k} and ∃i ∈
{1, . . . , k} | fi(x⋆) < fi(x). Hence, a solution x⋆ ∈ X is
Pareto optimal if there does not exist another solution x ∈ X
such that f(x) ≺ f(x⋆).

Then, solving the problem in Equation (1) means to find
the solutions x ∈ X such that their images f(x) are not
Pareto-dominated by any other vector in the feasible set. The
group of non Pareto-dominated solutions in the feasible set
is called Pareto optimal set, whose image in the objective
function space is known as Pareto frontier [16]. In essence,
the Pareto frontier represents the solutions that accomodate the
trade-offs between the different objective functions. However,
sometimes there is a need to select a single solution from
the Pareto frontier that best fits the considered task. In this
regard, the hypervolume indicator helps to select a single
solution from the Pareto frontier [17]. Given a Pareto optimal
solution x⋆ ∈ Rk, a reference point r ∈ Rk, and the
Lebesgue measure λ, the hypervolume of x⋆ with respect to
r is HV = λ({x ∈ Rk |x⋆ ≺ x ≺ r}). The HV value is the
volume of the hypercube determined by the solution x⋆ and
the reference point r. Therefore, the solution with the highest
hypervolume can be considered as the best solution among the
Pareto optimal set.

III. MATERIAL AND METHODS

A. Population

The population under study was recruited from the elec-
toral rolls of Castellana Grotte (Apulia, Southern Italy). The
sampling framework was the list of the health registry office
until 31st December 2011, which included 19675 subjects,
of which 4.021 aged 65+ years. All the subjects belonged
to the “Salus in Apulia Study”, a public health initiative
funded by the Italian Ministry of Health and Apulia Re-
gional Government and conducted at the National Institute
of Gastroenterology IRCCS “Saverio De Bellis” Research
Hospital. The mortality data were obtained from the Electronic
Health Records of the Regione Puglia, updated until 31st May
2020. This study used data from a subpopulation of Salus in
Apulia Study of 1929 older subjects that underwent all the
assessments. All participants signed informed consent before
their examination. The study was approved by the IRB of the
head institution, the National Institute of Gastroenterology and
Research Hospital “Saverio de Bellis” in Castellana Grotte
(Apulia, Southern Italy). The study met the principles of
the Helsinki Declaration and adhered to the Standards for
Reporting Diagnostic Accuracy Studies (STARD) guidelines 2

and the Strengthening the Reporting of Observational Studies
in Epidemiology (STROBE) guidelines. The population under
study is related to a subsample (1.929) of the one described
above that contains observations of sick subjects with their

2http://www.stard-statement.org/

respective diseases that were acquired during the interview
stage.

B. Dataset Description
Subjects under study had 70 features containing continuous

or categorical values of biochemical, anthropometric, and
cognitive tests. The dataset is represented by tabular data
composed of 1.929 observations and 70 features, including the
target variable. To obtain a ready-to-use dataset, all categorical
non-relevance features were removed from the analysis except
sex. A new dataset was obtained containing 57 features.

C. Preprocessing
We parsed the dataset using pandas3. The data set was

initially subsampled using the RandomUnderSampler tech-
nique in imblearn library [18] to balance the number of
observations from both classes by randomly picking samples.
After subsampling, the new data set contained 818 observa-
tions, 414 for the No MCI class and 414 for the yes MCI
class. Subsequentially a dataset is divided into training and
test sets using the standard 80/20 method. Only continuous
values of the observations are standardized according to the
StandardScaler4 technique, known in the ML literature [19] for
reducing variance within datasets. Therefore, they are used to
perform a feature selection analysis exploiting a SelectKBest
method in scikit-learn. The best value of k was selected using
a GridSearchCV(5-fold)5 with a Random Forest Classifier [20]
in which values from 1 to 57 were explored, consistent with
the number of features in the dataset and max depth and
n estimators for Random Forest. Afterwards, the best value
of k was 9 Pure tone audiometry (PTA)(0.5 − 2Khz)left
and right, Total Cholesterol, HDL Cholesterol, Mini Men-
tal State Examination (MMSE), Frontal Assesment Battery
(Frontal Assesment Battery) raw score, Vitamin D, the mean
value of PTA(0.5−2Khz) and mean value ofPTA(8Khz) even
though gender and sex were not selected, we added them to
the feature set because in the medical domain are considered
a characteristic variable [21]

D. Classification models
In order to determine the best classifier to predict the

MCI status, we compared the following models: Multilayer
Perceptron (MLP) [22]; Random Forest (RF) [20]; SVM [23];
Extreme Gradient Boosting (XGBoost) [24]; The models are
developed with Python, using Scikit-learn library6 [25]. The
adopted classifiers, i.e. MLP, RF, SVM, and XGBoost are
tuned using a grid search exploration strategy with a 5-fold
cross-validation. The models maximize the Area Under the
Receiver Operating Characteristic Curve (AUC) value in order
to obtain the best predictive power in binary classification. For
each model under study, the list of explored hyperparameter
values is reported in Table I. It is worth mentioning that we
aim to select the best machine learning model by exploiting
the Pareto-optimality definition. However, the training of such
models through Multi-Objective Optimization methods is out-
of-scope.

3https://pandas.pydata.org/
4https://scikit-learn.org/stable/modules/generated/

sklearn.preprocessing.StandardScaler.html
5https://scikit- learn.org/stable/modules/generated/

sklearn.model selection.GridSearchCV.html
6http://scikit-learn.org



TABLE I: Hyperparameter list, values, for the classification models reported in this work.

Algorithm Hyperparameter Values
Multilayer Perceptron seed {42}

hidden layer sizes {[(50, 50, 50), (50, 100, 50), (100,)]}
activation {tanh, relu}
solver {sgd, adam}
alpha {np.arange(0.1, 1, 0.2)}
learning rate {constant, adaptive}

Random Forest seed {42}
n estimators {np.arange(1, 50, 2)}
max features {sqrt, log2}
max depth {np.arange(1, 30, 1)}
criterion {gini, entropy}

Support Vector Machines seed {42}
kernel {rbf, poly}
gamma {0.1, 0.001, 0.3, 0.003, 0.5, 0.05}

eXtreme Gradient Boosting seed {42}
n estimators {np.arange(1, 50, 2)}
learning rate {np.arange(0.1, 1, 0.2)}
scale pos weight {1.000}

E. Evaluation Metrics

The metrics used to evaluate the trained models are the
following.

The first parameter considered to evaluate the performance
of our models was the accuracy, defined as [26]:

Accuracy =
Number of correct predictions

Total number of prediction
(2)

More specifically, the accuracy of a model is calculated with
the following formula:

Accuracy =
TP + TN

TP + TN + FP + FN
(3)

where TP = True Positive, TN = True Negative, FP = False
Positive and FN = False Negative. The Recall metric measures
the ratio of correct positive classifications among the total
number of positive samples:

Recall =
TP

TP + FN
(4)

The Precision measures the ratio of correct positive classifica-
tions among the total positive classifications:

Precision =
TP

TP + FP
(5)

The F1 score is the harmonic mean between recall and
accuracy:

F1 = 2 · Precision · Recall
Precision + Recall

(6)

The F1 score combines precision and recall into a single
metric. The Area Under the Receiver Operating Characteristic
Curve (AUC) is a metric that measures the capability of a
classifier to separate the positive class from the negative one.
It is formulated as follows:

AUC =

∑
x−ϵX−

∑
x+ϵX+ (1 (f (x−) < f (x+)))

X− +X+
(7)

where 1(·) = 1 if f (x−) < f (x+)else 1(·) = 0 and, X+is
the set of positive samples, X−is the set of negative samples,
f(·) is the result of model prediction, and 1(·) an indicator
function [27].
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Fig. 1: Models’ hyperparameter configurations in the objective
function space Accuracy/Recall on YES MCI class. For each
model, the black dots are on the Pareto frontier, while the red
dots are dominated solutions.

F. Pareto Optimality-based Selection

In this Section, we describe the approach adopted to se-
lect the best classifier for our task. Oftentimes, traditional
approaches consist in selecting the best models relying only
on the accuracy of the candidate models. However, in MCI
systems, it is of greater importance to classify MCI subjects
rather than healthy subjects correctly. As a consequence, it
is not sufficient to choose the model having the best overall
accuracy. Indeed, the selected model should maximize the
number of correctly classified MCI subjects (i.e., the Recall on



TABLE II: Pareto-optimal models’ configurations and their
performance. The best values for HV indicator are in bold. The
models are characterized by the following hyperparameters
configurations. RF1: Entropy as Criterion, Max depth=3, Max
Features=log2, Number of estimators=1; RF2: Entropy as
Criterion, Max depth=3, Max Features=sqrt, Number of esti-
mators=9; RF3: Entropy as Criterion, Max depth=1, Max Fea-
tures=sqrt, Number of estimators=1; SVM1 C=6, γ =0.003,
poly as Kernel; XGBoost1: Learning Rate=0.1, Max depth=1,
Number of estimators=1; RF4: Entropy as Criterion, Max
depth=5, Max Features=log2, Number of estimators=13.

Model Accuracy Recall Yes MCI HV

RF1 0.68 0.84 0.57
RF2 0.71 0.80 0.57
RF3 0.58 0.90 0.53

SVM1 0.5 0.99 0.49
XGBoost1 0.54 0.93 0.50

RF4 0.71 0.71 0.50
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Fig. 2: Overall models’ hyperparameter configurations in the
objective function space Accuracy/Recall on YES MCI class.
The black marks refer to Pareto-optimal solutions. The red
marks represent dominated solutions. The marks’ shapes indi-
cate a particular class of model.

yes MCI class), even paying some trade-off with the overall
accuracy of the system. In other words, we should perform
a multi-criteria selection of the best model. To this end, we
exploit the concept of Pareto Optimality to identify the models
that best accommodate the trade-off between overall accuracy
and Recall on yes MCI class.

Once all the models’ configurations described above are
trained, they represent different solutions in the objectives
function space having accuracy and Recall on yes MCI class on
the x-axis and y-axis, respectively. For each model, we identify
the Pareto-optimal solutions lying on the Pareto frontier. To
clarify this aspect, we plot the objective function spaces and
the solutions on them for each model in Figure 1. Then, we
take into account the Pareto frontier of each model, and we
find the Pareto-optimal points among all the models (Figure
2). Finally, we exploit the widely-used Hypervolume indicator
to select one–best solution from the final Pareto frontier.

IV. RESULTS

In this section, we detail the results obtained from our exper-
imental approach. Specifically, in Table II, we report the results

TABLE III: Results for the MCI prediction of the Best
Classifier.

Model Class Precision Recall F1-score Accuracy

RF1
No MCI 0.76 0.51 0,61 0.68Yes MCI 0.63 0.84 0.72

RF2
No MCI 0.76 0.61 0,67 0.71Yes MCI 0.67 0.80 0.73

obtained by computing the Hypervolume indicator for each
model lying on the Pareto frontier in Figure 2. We observe
that six models are Pareto-optimal. On the one hand, we notice
that no configuration of MLP lies on the Pareto frontier. On
the other hand, four out of six Pareto-optimal solutions are
different configurations of Random Forest. Specifically, two
Random Forest configurations achieve the highest HV value.
Both of them are characterized by the Shannon entropy as
information gain and 3 as the maximum depth of the tree.
Hence, we have two candidates as the best model to perform
the MCI prediction. To determine the best one, we also analyze
the performance of such models in terms of Precision, Recall,
and F1-score for each class. From Table III, we claim that RF2

is the best model since it achieves better performance than RF1

with respect to all the considered metrics except for Recall on
Yes MCI class. To summarize, RF2 performs better according
to a multi-criteria evaluation. In fact, the performance obtained
by RF2 is the most balanced as it achieves an accuracy of 71%,
a high value of recall (0.80), the best value of precision, in the
prediction of Yes MCI (0.67), and the best value of F1-score
in the prediction of Yes MCI (0.73).

V. DISCUSSION AND CONCLUSION

In this study, we propose a Pareto-based approach to
identifying the best model for predicting MCI. Specifically,
we trained and tested various machine-learning algorithms
in order to choose the best one. From our perspective, the
Pareto-based approach is relevant because it allows to select
the best model according to multiple objectives. In this way,
the identification of the best model does not solely depend on
the overall accuracy of the model but also on other criteria
tailored to the considered task. Practically, in MCI systems,
we are able to select a model with both acceptable overall
accuracy and effectiveness in classifying MCI subjects, which
is crucial in medical tasks. Hence, this approach could be used
to select the best machine learning algorithms for predicting
high-risk classes that can be used in epidemiological studies or
screening. The aim is to provide a smaller set of easy-to-find
features in health datasets to predict MCI, thus reducing time
and waiting lists for more extensive instrumental examinations.

The Random Forest considered achieved an Accuracy =
0.71, Precision = 0.76, Recall = 0.61, F1-Score = 0.67 re-
spectively in the class No MCI and Precision = 0.67, Recall =
0.80, F1-Score = 0.73 respectively in the class Yes MCI. These
results appear to be good in the current state of the art [28],
[29]. However, the metrics achieved refer to a small population
sample. Possible implementations could be aimed at validating
this system on a larger test sample. The model selected
by the Pareto-based approach was able to well discriminate
subjects at risk of MCI. In future work, DL algorithms such
as Recurrent neural network (RNN), Long short-term memory



(LSTM) or Gated recurrent unit (GRU) will be evaluated
and analyzed in MCI prediction. In addition, a best model
selection mechanism may be applied to other datasets for
MCI prediction or other disease prediction. The number of
observations in the dataset under study will be increased,
and a DL algorithm will be evaluated to increase predictive
performance. Subsequently, a web-based application based on
the ML/DL algorithm may be developed to provide a ready-
to-use tool. In conclusion, this model may be considered valid
support for medical decision-making as regards health policies,
epidemiological studies, and screening.
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