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Abstract: Aesthetic procedures have advanced significantly, transcending mere vanity
to become practical tools for enhancing well-being. The diversity of available aesthetic
treatments and products can make it challenging for both professionals and consumers.
Consequently, the field of aesthetics has begun to incorporate Al techniques. The scope of
this article is to evaluate the effects of various cosmetic procedures using the Temodella
5.0 machine and assess their effectiveness. We gathered data from 11 aesthetic centres
and 36 subjects with different body constitutions (normal, overweight and obese). This
is a prospective, multicenter, interventional study designed to assess the impact of the
procedures on the participants. Clustering methods were used to analyse the results,
identify trends and evaluate the efficacy. Additionally, we developed a novel algorithm that
tailors cosmetic treatment regimens according to the unique physiological characteristics
of each patient. The initial weight of patients has been found to influence the efficacy
of treatments. Significant improvements have been observed in obese individuals, with
reductions of 6% in hip circumference, 8% in waist circumference, and a decrease in fat
mass. In contrast, overweight and normal-weight individuals exhibited less consistent
outcomes, with results influenced by external factors such as stress, physical exercise, and
medication. By utilising clustering techniques, we were able to move beyond traditional
weight-based analyses. Based on these findings, we developed a recommendation system
that can be integrated into treatment devices to optimise both clinical and aesthetic results.

Keywords: aesthetic technologies; artificial intelligence; embedded Al; clustering; personalised
algorithm; cosmetic; beauty procedures

1. Introduction

The field of cosmetology, traditionally focused on healthy individuals, often employs
local treatments such as creams to address skin conditions like acne and aging. In recent
years, aesthetic procedures have undergone significant advancements, shifting from su-
perficial vanity to becoming valuable tools for enhancing overall well-being and physical
health [1]. Aesthetic therapies now go beyond surface-level improvements, addressing
deeper physiological and psychological concerns, thanks to an increased focus on integra-
tive approaches [2]. This shift represents a fusion of traditional cosmetic techniques with
cutting-edge medical knowledge, aimed at harmonizing both appearance and health. By
combining innovative technologies with evidence-based practices, modern cosmetology
has evolved beyond mere aesthetics, helping individuals achieve holistic wellness and
personalized therapeutic outcomes that cater to their unique needs and challenges [3].

Technological advancements, along with a deeper understanding of the human body,
have paved the way for highly personalized treatments tailored to the specific needs of each
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individual. These procedures now address not only cosmetic concerns like skin texture
and signs of ageing but also underlying health issues such as poor circulation, muscle
imbalances, and stress-related conditions [4].

Due to the wide range of aesthetic treatments and product availability, consumers and
professionals may find it difficult to select the best cosmetic product or therapy. Therefore,
artificial intelligence (AI) and machine learning (ML) approaches have been included in
aesthetics in recent years [5]. With the ability to reach more patients than ever before, Al is
a driving factor behind innovation in cosmetic dermatology [6].

An Al-based decision support system can help make the decision and weigh the
characteristics that we want to improve. Moreover, the success of a cosmetic procedure is
measured by individual perception, current beauty standards, and manual observation: all
highly subjective and biased measures [7]. The use of Al can help objectify the effectiveness
of these treatments and shift the focus from aesthetic to clinical.

Al approaches not only enhance the reliability and efficiency of procedures but also are
important for ingredient assessments and support in adopting sustainable and ethical test-
ing methodologies. It enables the analysis of vast datasets, including chemical, biological,
and clinical information, allowing for more accurate predictions of how ingredients interact
with human skin or other tissues. This capability helps to identify potential risks, such
as toxicity or allergic reactions, while optimising formulations for better performance [8].
Moreover, Al provides an ethical and effective alternative to animal testing. Traditional
methods relied on animal models to assess skin sensitisation and allergic responses. In
contrast, Al replaces these approaches with in silico models, which use computational
algorithms and pre-existing datasets to simulate biological responses [9].

The primary objective of this study is to evaluate the effectiveness of aesthetic treat-
ments by identifying meaningful patterns in patient data through clustering methods. By
applying these techniques, the study aims to uncover trends and associations that could
enhance our understanding of treatment outcomes. In addition to this, the study has several
secondary objectives. One key aim is to assess the potential for personalising treatments
based on the identified patterns, ensuring that therapeutic approaches are better tailored
to individual patient characteristics. Furthermore, using Al-based clustering is crucial, as
it allows for detecting complex, non-linear relationships within the data that traditional
statistical methods might overlook. Finally, by leveraging these advanced algorithms, the
study seeks to account for the variability in patient profiles, such as differences in body
constitution and responses to treatment, ultimately contributing to more effective and
personalized aesthetic therapies.

Literature Review

The literature review was conducted in January 2025, utilizing the PubMed, Web
of Science, IEEE Xplore, Scopus and Google Scholar databases. The selection of these
databases facilitated the comprehensive exploration. The query search included using
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the truncation symbol * for the terms “aestetic procedures”, “beauty”, “artificial intel-
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ligence”, “machine learning”, “deep learning”, “treatment personalization algorithm*”,
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“body mass”, “personal*”, “optimiz*”, “clutering”, “selfcare”, “BIA”, “electrostimulation”,
“LED”, “connective tissue”, “ultrasound”, “embedded Al”, “cosmetic*”, “parameter*”,
“Clinical outcomes”, and “medic*”. Search terms were combined with the Boolean operators
“OR” and “AND”.

There are several studies in which we begin to notice the paradigm shift towards
a union of the aesthetic side and clinical well-being. Most of the articles found have as
their scope of application aesthetic medicine in the dermatological and orthodontic fields.

For example, the work [10] uses Al to discover the influence of dental alignment on fa-
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cial attractiveness and perceived age, compared to other modifications such as wearing
glasses, earrings, or lipstick. Similarly, Patcas et al. [11] assess the effect of orthognathic
therapy on facial attractiveness and apparent age, by applying a CNN algorithm, on
pre-and post-treatment facial photographs. In dermatology, the dual objective is more
visible: it is used to suggest skin care treatments, democratizing the process and making
it less expensive [12,13], but also to study the different types of skin and therefore offer
more targeted treatments [14]. If we focus more on the medical side of skin problems, we
can see how traditional techniques based on image analysis are used. Junayed et al. [15]
developed AcneNet, a deep residual neural network that categorizes five types of acne
lesions, namely closed comedo, open comedo, cystic, pustular, and keloidal, achieving
over 94% accuracy. Similarly, Yadav and colleagues [16] proposed “Acne Care”, a system
using deep learning techniques and the ResNet-18 architecture for acne detection and
personalized care. This system can accurately predict the number, location, and severity
of acne lesions, providing a useful tool for both self-assessment by patients and clinical
diagnosis by doctors. These tools guarantee that patients receive prompt and correct care by
offering resources for effective diagnosis, remote consultations, and customised treatment
programs. This development increases patient access to necessary skincare treatments and
fosters improved collaboration between dermatologists and cosmetologists, eventually
improving health outcomes and quality of life. The importance and power of these tools
have been noted so much that big companies, such as L'Oreal, have developed their own
models. In the case of L'Oreal, the application offers online skin analysis through the Vichy
Skin Consult Al website, an antiaging and skin care simulation application for beauty and
medical industries with capabilities to detect, quantify, and predict changes in the skin.
This system was developed using machine learning based on dermatologist-developed skin
ageing atlases and provides the consumer with information regarding their skin quality
(https:/ /www.vichyusa.com/skin-care-analysis-ai.html, accessed on 10 January 2025).
Decision Support Systems (DSSs) and Al models can effectively improve body composition.
By analyzing individual data, they provide personalized diet, exercise, and lifestyle recom-
mendations to achieve optimal results. Navarro et al. [17] developed a dynamical model
for daily weight change incorporating both physiological and psychological considerations:
they rely on the concept of energy balance to obtain a model that describes the net effect of
energy intake from food minus energy consumption, the latter including physical activity.
Another application is the one suggested by Figueiredo et al. [18], which aims to develop
a machine-learning model to predict future weight based on dietary records, physical
exercise, and basal metabolic rate to demonstrate three days of future weight.

2. Materials and Methods

In this section, we describe the devices and technologies chosen for the study, the
standardized protocol used for data acquisition, and the analytical methods applied. Our
approach was carefully designed to maintain consistency and reliability throughout all
stages of data collection and analysis. A schematic representation is provided in Figure 1.

Treatment suggestion
algorithm

Protocol development}—){ Data acquisition }—» Data analysis —> Clustering —>

v v

Centers enrollement.
Explaination of the
protocol.
Equipement
description.

Dividing into the
subcathegories and
statistically analysing
the results

Figure 1. Pipeline of the proposed work.
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2.1. Devices

The machines and technologies used for this study are the Temodella 5.0 and a device
to measure bioimpedance. The Temodella 5.0 is a machine developed and produced
by Shusa S.r.l.,, Morrovalle, Italy, (https://www.shusa.it/, accessed on 10 January 2025),
to treat in synergy different parts of the body. It focuses on improving the skin and
body composition of the subjects, reducing imperfections, using 4 different technologies:
ultrasound, electrostimulation, infrared and connective tissue massage. The infrared is
made possible by a LED device that acts on the tissue with a light stimulus, which, through
interaction with the cellular structure, promotes the production of enzymes and anti-
inflammatory action. The heat generated by the infrared light on the skin leads to an
increase in microcirculation, lymphatic drainage and collagen synthesis. As the wavelength
rises, the light’s penetration depth increases as well, stimulating the lymphatic system’s
parietal cells and reactivating the lymphatic microcirculation, which improves drainage by
up to 80% [19].

The foundation of electrostimulation is the stimulation of muscular contractions. It
makes use of electrical impulses that are released by skin-applied electrodes. The electric
field stimulates contraction by acting on the muscular plate in this manner. Because it
encourages lipolysis, or the breakdown of stored fat, it helps to tone muscles, drain fluids,
and increase skin suppleness [20].

The computerized connective tissue massage allows the atraumatic mobilization
of the skin and subcutaneous tissue, assisted by a modulable rhythm, thus obtaining
an improvement of the lymphatic, arterio-venular flow, of the interstitial and adipocyte
fibroblastic metabolism [21].

Finally, ultrasound produces tiny oscillations with a frequency that varies between
1 and 3 MHz. Ultrasound travels through the skin and subcutaneous tissues at varying
depths and is transmitted by a specialised probe. The resultant action is elevating, enhanc-
ing blood and lymphatic circulation, and maintaining impurity-free skin. Skin becomes
harder and more compacted as a consequence, and elastin and collagen synthesis rise [19].
All the aforementioned technologies have different parameters that the operators can adjust
based on the client and the session.

The fifth technology used in this study is the BIOSMART Bioimpedencemeter (https:
//www.eupraxia.it/bioimpedenziometro-biosmart/, accessed on 10 January 2025), which
performs Bioelectrical Impedance Analysis (BIA). BIA is a widely recognized method
for estimating body composition, particularly the proportions of fat mass and lean body
mass [22]. The device uses a regression formula that incorporates impedance, height,
weight, age, and sex to predict body composition. Height is particularly important because
the relationship between height? and resistance helps model the body as an equivalent
cylinder, enabling accurate calculations [23]. BIA works by passing a small, painless
electrical current through the body and measuring the resistance (impedance) encountered.
Since lean tissue, which contains a high proportion of water and electrolytes, conducts
electricity efficiently, while fat tissue resists it, the impedance measurement provides
valuable insights into body composition [24]. The BIA system calculates parameters such as
total body water (IBW), which is used to estimate lean body mass (FFM) and, by subtraction,
fat mass (FM) [25]. TBW is further divided into two compartments: intracellular water
(ICW), found within the cells, and extracellular water (ECW), which is the fluid outside the
cells. Additional parameters measured include basal metabolic rate (BM), which represents
energy expenditure at rest, muscle mass (MM), body mass index (BMI), and body cell
mass (BMC), the metabolically active tissue of the body (such as organs, muscles, and
blood cells).
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2.2. Data Acquisition

Twelve beauty shops were identified and eligible to participate in this study. Each
shop selected 3 female clients who met the following characteristics: (1) age between
18 and 45 years, (2) not in menopause, and (3) specific gynoid constitutions. A total of
36 people were enrolled in the study, and all of them gave their informed consent before
the collection and acquisition of the data, which was carried out in compliance with the
ethical principles of the Helsinki Declaration.

The treatments were performed with the T-Modella 5.0 technologies following a pre-
set path of 16 sessions, visible in Figure 2. Each client underwent 2 treatments per week
for 8 weeks. Every 4 treatments, BIA data, waist and hip measurements, and photographs
were collected to monitor the client’s progress. A specific protocol was developed for this
data collection process, which all practitioners were required to follow. Measurements were
taken after the 4th, 8th, 12th, and 16th treatments, always before starting the next session.
To ensure consistency, clients were scheduled for treatments either in the morning or
afternoon, maintaining the same time range throughout the process. At each appointment,
clients were also asked to complete a form reporting any changes in habits, menstrual cycle,
new medications, additional cosmetic body treatments, or dietary adjustments. To ensure
consistency in the photographs, we designed a platform for clients to stand on, helping
them maintain the same foot placement and leg distance across all sessions. A white
cardboard background was used in every centre to standardise the backdrop. Photographs
were taken using mobile phones placed within a ring light, which was set to a height of
one meter and adjusted to a warm light setting. The distance between the platform and the
ring light was 2.5 m, allowing for a full-body frame while accommodating individuals of
varying heights. Figure 3 illustrates the photo acquisition setup.

The front, back, left, and right sides of the subjects were photographed with their arms
spread wide in a T shape for the first two cases, and forward for the side shots. The BIA
was measured with the device described above, and the waist and hip measurements were
taken. The waist circumference is measured between the lower edge of the last rib and the
iliac crest, or approximately at the navel, while the hip circumference is measured at the
height of the upper head of the femur, which corresponds to the maximum circumference
of the buttocks. Therefore, we gathered the following data for each subject: BMI, BM, hip
and waist measurements, FM, FFM, MM, BCM, TBW, ECW, and ICW. The BMI ranges
were defined as (i) normal between 18.5 and 24.9, (ii) overweight from 24.9 and 29.9, and
(iii) obese over 30. Shusa S.r.l. supplied all of the materials, and to preserve uniformity;,
they were the same for all participating centres.

Session 1 Session 2 Session 3 Session 4 Session 5 Session 6
HYPOTONIA HYPOTONIA CHECK UP
CHECK UP ABDOMEN, ARMS & | [ABDOMEN, ARMS & FAT LEGS FAT LEGS
CELLULITE + ABDOMEN
WATER RETENTION TRICEPS + TRICEPS + * ABDOMEN ULTRASOUND
LEGS CELLULITE LEGS CELLULITE ULTRASOUND
Session 7 Session 8 Session 9 Session 10 Session 11 Session 12
CELLULITE CELLULITE LEGS CHECK UP CELLULITE
2nd/3rd STAGE LEGS + ULTRASOUND 2nd/3rd STAGE LEGS FATAi%%“éEgﬁI:RMS+ AT Ai%%h(ﬂ){;g&:RM&
*:JSSATACE’“'A COULOTTE DE TOTAL HYPOTONIA *:ggg;gum LEGS, INTERNAL THIGH| [LEGS, INTERNAL THIGH
ARMS. TRICEPS CHEVAL ARMS. TRICEPS AND QUADRICEPS AND QUADRICEPS
s L__ARMS, TRICEPS |
Session 13 Session 14 Session 15 Session 16
CHECK UP HYPOTONIA HYPOTONIA
HYPOTONIA ABDOMEN, ABDOMEN, ARMS ABDOMEN, ARMS
ARMS AND TRICEPS + AND TRICEPS + LEGS| |AND TRICEPS + LEGS WATER RETENTION
LEGS CELLULITE CELLULITE CELLULITE

Figure 2. Sessions specification: each block represents a specific technology used and the part of the

body under treatment.
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Figure 3. Setup for the photo acquisition: the arrangement for capturing the photos, including how
and where the client should be positioned and the materials required for taking the photos.

2.3. Data Analysis

We calculated the waist-to-hip ratio (W/H) as it is clinically relevant [26,27]. A
W /H value greater than 0.80 indicates a fat distribution primarily in the abdominal area
with a consequent higher probability of developing cardiometabolic disorders, such as
type 2 diabetes, hypertension, and heart disease. On the contrary, a W/H ratio below
0.80 suggests that fat is predominantly stored around the hips and legs.

For each check-up, we made tables using the previously specified variables. The
population was divided into three main categories based on BMI: normal weight, obese,
and overweight. We determined each feature’s median and standard deviation to have a
better grasp of the data distribution.

One of the objectives of this project is to develop intelligent systems for personalised
treatment. As an initial step, we applied clustering algorithms to analyse how different
subjects responded to the treatments. Specifically, we used the K-means algorithm [28], a
form of unsupervised learning suited for unlabeled data. The purpose of this algorithm
is to identify groups within the data, with the number of groups determined by the
variable K. The algorithm operates iteratively, assigning each data point to one of the
K clusters based on the provided features. Clustering occurs based on the similarity of
features [29]. K-means clustering was selected because we had prior knowledge that the
data would likely segment into predefined groups (e.g., normal weight, overweight, obese),
and we expected the clustering results to align with these distinctions. Given this prior
knowledge, K-means was an appropriate choice, as it efficiently handles well-separated,
roughly spherical clusters and performs effectively when the number of clusters is known
in advance [30]. Although K-means is typically applied to larger datasets, it was used
here with a relatively small sample size (28 patients). While the limited size may affect the
stability and generalizability of the clustering results, K-means can still yield meaningful
insights when applied cautiously. Furthermore, the variables included were numerical,
making them suitable for this algorithm. Therefore, despite the small sample size, the
application of K-means was justified for preliminary exploration and pattern recognition in
this context.

The algorithm was implemented using the Python 3.12.6 library sklearn and applied
to each check-up. We dynamically adjusted the hyperparameters to achieve the optimal
configuration. In the final step, we used the Euclidean distance with a random state set
to 42 and n_init set to 100. To evaluate all configurations, we varied K and calculated the
Silhouette score [31].
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3. Results and Discussion

This paper aims to critically analyse the efficacy of various aesthetic treatments and
assess their broader impact. We conducted data acquisition through 11 beauty shops,
gathering comprehensive treatment data. The outcomes were analysed using clustering
algorithms to identify patterns and assess treatment efficacy. Additionally, the paper seeks
to develop an innovative algorithm capable of personalising aesthetic treatment plans based
on each patient’s unique physiological characteristics, health profile, lifestyle, and personal
goals. By integrating a holistic perspective with advanced therapeutic methodologies,
this approach aims to maximise both aesthetic and health-related outcomes, setting a new
standard in patient-centred care within the field of aesthetic medicine.

In this section, we present the numerical results, highlighting the steps and method-
ologies that led to the development of the personalisation algorithm. By analysing the data
and refining the parameters, we achieved a tailored approach that addresses individual
variability with precision. Additional results can be found in the Appendix A.

3.1. Data Acquisition and Analysis

Out of the initial 12 beauty shops, only 11 qualified for the trial, as each of them
completed the protocol with at least one participant. A total of 28 clients provided all the
necessary data, including measurements and images. The average age of the participants
was 33.32 + 7.57 years. To analyse the data, the participants were divided into three groups:
normal weight, overweight, and obese, consisting of 14, 8, and 6 individuals, respectively.
The average ages for these groups were 34.28 years for normal weight, 33.25 years for
overweight, and 31.16 years for obese participants. As previously mentioned, a table
was created for each subject containing their feature values. The results (mean and the
confidence interval) for the three subcategories are presented in Tables A1-A3 in the
Appendix A. Through data analysis, we observed the effects of the treatments on each
group, and none of them experienced any side effects. In general, all participants showed
improvement compared to the initial control, both in terms of body composition and
cosmetic appearance, as illustrated in Figure 4. This demonstrates how targeted, consistent
treatment over time can lead to significant changes in physical appearance and potentially
improve overall health. Looking at Table 1, it can be observed that obese subjects are those
who benefit most from this type of treatment. Hip and waist measurements decreased by
approximately 6% and 8% compared to the first check-up. The fat mass was significantly
reduced to the benefit of lean mass while maintaining good hydration. The situation is
different for those of normal weight and overweight. For the former, it can be observed
that there seems to be a small worsening in terms of body composition, even if there is a
good decrease in cm on the abdomen and hips (—4% and —2% respectively). Observing the
results up to the 4th session, there is a notable decrease in fat mass (—9.3%), an increase in
lean and muscle mass (+2.8% and +4.5%) and —2 cm in both hip and waist. For those who
are overweight, the situation is particular: it can be seen that on average there is a small
increase in fat mass and also in muscle mass, increasing hydration and losing centimetres
on the abdomen and not on the hips. These results led to more in-depth analyses, as
external factors could have influenced the final result. Each client had filled out personal
sheets at each treatment in which they indicated additional information (e.g., menstruation,
change in habits, physical activity, etc.). Analysing a 41-year-old overweight subject, we
saw that after the second check-up, she started physical activity, and the contraceptive pill
and reported experiencing periods of strong stress. The fat mass went from 12.45 kg to
17.25 kg while the lean mass decreased by 3 kg. The same thing for the abdomen and hips:
after an initial decrease of 3 cm, the measurements returned to the starting point.
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Figure 4. Before and after the treatments of an obese subject: (a,c) are the pictures taken before the
beginning of the protocol, while (b,d) are 4 days after the 16th session.

Based on these results, it became evident that an algorithm was required to customise
the treatments for each individual. The varied responses to the program, particularly from
those who were overweight and those of normal weight, highlighted that considering only
basic individual factors was insufficient. The findings showed that external variables, such
as stress levels, hormonal fluctuations, and physical activity, had a significant impact on the
outcomes. This underscored the need for a more advanced approach capable of factoring
in these individual influences and adjusting treatment plans accordingly to optimise results
for each patient.

3.2. Statistical Analysis

The ANOVA results (Table 2) indicate significant differences among the three groups
(normal weight, overweight, and obese) for several variables at both the initial and final
sessions. Notably, FM, BMI, Waist Circumference, and Waist-to-Hip Ratio show highly
significant p-values (p < 0.001) in both sessions, suggesting strong differences across the
groups. Comparing the initial and final sessions, the statistical significance of Metabolism
and Hip Circumference has increased, while variables such as FFM and BCM remain
non-significant (p > 0.05), indicating a stable trend over time. ICW and ECW do not show
significant differences among groups in either session.

These results highlight the persistent differences in body composition between groups
and suggest that certain variables, particularly those related to fat distribution, remain key
discriminators among normal weight, overweight, and obese individuals.

3.3. Clustering Results

The clustering evaluation metrics in Table A4 suggest that Check-up 4 produced the
best overall clustering results, mainly when using two clusters (K = 2). However, as the
number of clusters increased (K = 3, K = 4), the clustering quality did not significantly
improve according to the Davis-Bouldin and Calinski-Harabasz scores. This indicates
that adding more clusters did not necessarily lead to better-defined groups. Looking
at the silhouette scores across check-ups (Figure Al), the optimal number of clusters
varied. For some check-ups, the best clustering was achieved with K = 2 or K = 5, while
others performed best at K = 3. However, to maintain consistency across all check-ups, we
decided to use K = 3 for all cases. This choice was based on the fact that, in some cases, the
difference between K = 3 and K = 4 was minimal, and in others, using fewer clusters (K = 2)
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would have been too restrictive given the complexity of the data. By standardising the
number of clusters to three across all check-ups, we ensured that the clustering approach
remained comparable across different time points, while still preserving meaningful group
distinctions within the data.

Table 1. Average percentage increase/decrease between the first and last session.

Variable Normal Weight Overweight Obese
FM +1.41 +1.39 —5.71
FFM +0.17 —0.55 +4.74
MM —1.94 +2.43 +5.35
BCM —0.47 +0.50 +5.74
TBW +0.24 +4.20 +3.90
ICW —2.69 +4.35 +3.96
ECW —1.85 —0.18 +5.79
BMI +1.35 +0.11 -1.6
MB —0.07 —1.00 +1.06
HIP -2.11 +0.46 —5.79
WAIST —4.10 —2.32 —8.24

Table 2. ANOVA test among the three groups at the first and last check-ups.

. -Value

Variable Check-Up 1 g Check-Up 5
FM 7.78 x 10712 8.86 x 10713
FFM 3.66 x 1071 6.04 x 102
MM 5.48 x 1071 6.48 x 1071
BCM 1.07 x 1072 5.84 x 1072
TBW 8.68 x 1071 6.27 x 1071
ICW 491 x 1071 3.47 x 1071
ECW 3.83 x 1071 2.02 x 1071
BMI 2.98 x 1010 5.55 x 1011
Metabolism 448 x 1072 1.62 x 107>
Waist 3.61 x 10710 394 x 1074
Hip 7.82 x 107° 221 x 1077
Height 5.06 x 1072 497 x 1072
W/H 711 x 1078 7.33 x 107©
Age 4.62 x 1071 7.1 x 107!

The clusters were characterised based on the previously described features, with
results available in the Appendix A. Once the clusters were identified, we analysed the
average values of all the features to connect the clusters over time. This allowed us to
identify trajectories that expressed the impact of the treatment over time, providing valuable
insights into the temporal dynamics and the effectiveness of the intervention (Table A5 in
the Appendix A shows the results). We identified these three paths:

e  Path 1: Cluster 1 — Cluster 3 — Cluster 3 — Cluster 1 — Cluster 1.
e  Path 2: Cluster 2 — Cluster 1 — Cluster 1 — Cluster 3 — Cluster 3.
e  Path 3: Cluster 3 — Cluster 2 — Cluster 2 — Cluster 2 — Cluster 2.

Path 3 reflects individuals with obesity, characterized by values outside the recom-
mended ranges for maintaining good health and preventing cardiometabolic complications.
These individuals show clear markers of increased risk due to excessive body mass and
unfavourable metabolic profiles. In contrast, Path 1 and Path 2 represent individuals with
values that fall within the normal weight/slightly overweight range on average. However,
the distribution of body mass in these groups varies significantly, indicating potential
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early signs of future cardiometabolic complications. For instance, disproportionate fat
distribution or altered body composition could still predispose these individuals to health
issues, even if their weight appears “normal” by conventional metrics.

These findings have underscored the necessity of incorporating medical considerations
into the development and implementation of such protocols. They demonstrate that
focusing solely on weight or BMI is insufficient; a more comprehensive approach, which
evaluates body composition and fat distribution, is essential. Moreover, the results highlight
the importance of personalized strategies to address individual risk profiles effectively,
ensuring both safety and optimal outcomes.

3.4. Treatment Suggestion Algorithm

Based on the clustering results, which revealed that aesthetic and clinical outcomes
do not always align, and supported by the statistical significance observed in the ta-
ble—particularly the p-values for BMI and W/H—we decided to develop an algorithm to
guide treatment planning in a way that both factors would converge. The statistical analysis
underscores the importance of using BMI and W/H as key metrics for achieving a balanced
approach between aesthetic and clinical outcomes. A treatment personalisation system
should be user-friendly and simple to operate. We found that the BMI, waist, and hip
measurements were the most commonly used and familiar features for operators. For the
waist and hip measurements, we opted to use the waist-hip ratio, as it is both meaningful
and holds significant clinical relevance. In fact, a higher value reflects an important central
adiposity and highlights the critical need for targeted lifestyle changes to mitigate these
health risks. ON the contrary, a lower value is considered less harmful since it means that
the fat is smaller on the abdominal area, significantly reducing the likelihood of experienc-
ing cardiometabolic complications. Maintaining a lower W /H ratio is not only beneficial
for overall health but also underscores the importance of adopting a balanced diet and
regular physical activity to preserve this healthier fat distribution pattern [32].

In this way, treatments may be used for cosmetic reasons and to enhance one’s health.
Therefore, we constructed a BMI vs. W/H diagram (Figures 5 and 6) to visualise the clients’
progress during the treatments.

BMI vs W/H diagram

Normal weight Overweight Obese

Figure 5. BMI vs. W/H diagram: the green part is the normal weight section while the yellow and
red ones are the overweight and obese sections, respectively. On the x-axis are the BMI values, while
on the y-axis are the W/H ratios.
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BMI vs W/H - Cluster-based paths

5

0825

0.800
/s
-
0775

Figure 6. Cluster paths in the diagram: the red, blue and black are the paths individuated using the
clustering algorithm. In black is Path 3, while in red and blue are Paths 2 and 1, respectively.

The concept behind the system is outlined as follows (Figure A2 in the Appendix A):
the operator inputs the client’s initial BMI and waist-to-hip (W /H) measurements into
the algorithm. This allows the system to determine the initial cluster to which the client
belongs and predict their progression if no adjustments are made to the treatment. The first
four sessions are standardised for all clients, ensuring a uniform starting point. After these
initial sessions, the operator provides the algorithm with both the first and second BMI and
W /H ratio values to compute a vector. This vector represents the client’s response to the
treatments. The direction of the vector is influenced by the changes in these values, and the
angle of the vector is then used to generate specific treatment recommendations. Based on
the vector’s angle, the system offers targeted suggestions for the next steps in the treatment
process (Figure 7). Specifically:

*  Anglebetween 0 and 77/2: T BMI and T W/H consider modifying treatment to make
it more hypotonic;

*  Anglebetween 71/2 and 7r: | BMI and 1 W/H consider modifying your treatment to
work your abdominal/waist area more;

*  Angle between 7 and 377/2: | BMI and | W/H treatments are working, keep it up.

¢  Angle between 377/2 and 27r: T BMIl and | W/H consider modifying your treatment
to work your entire body better.

W/H

N BMI and I W/H: consider modifying

abdominal/waist area X .
=atinenttoptordoty / treatment to make it more hypotonic

{ BMl and 1 W/H: consider modifying your ‘
more

\(!

BMI

1 BMI and \ W/H: consider modifying your

{ BMl and |, W/H: treatments are
treatment to work your entire body better.

working, keep it up

Figure 7. How the vector angle works and the treatment suggestion associated to each position.

Each suggestion provided by the algorithm is linked to a new set of treatments
or sessions, which the operator can either accept or decline based on their professional
judgment. This iterative process is followed at each check-up, allowing for continuous
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monitoring of the client’s progress. As the treatment evolves, the algorithm suggests
modifications or adjustments to ensure the most effective path is taken to optimise the
results. After four sessions, the final vector is calculated, and a comprehensive evaluation of
the entire treatment journey is conducted. This assessment provides an overall view of the
progress and allows the operator to make informed decisions about the next steps. Based
on the same criteria previously mentioned, the algorithm will generate a recommendation
to either continue or adjust the treatment plan accordingly. Figure 8 illustrates how the
algorithm functions, outlining the decision-making process from initial input to final
recommendations. This dynamic system not only personalises the treatment based on
individual responses but also adapts over time to maximise the outcome for each client.

Initial BMI and W/H (initial session, no treatment
done).

l

The algorithm associates these values with one of
the initial clusters and ‘predicts’ what the
treatment outcome will be for that person

without making any changes.

I

After the second checkup, by entering the pair of
values for two consecutive sessions, the direction
vector is generated, and a change is suggested.

!

The operator can decide whether to accept the
suggestion or not.

]

Creation of the final vector: indication of the
general progress of the treatment with
suggestion to continue or not.

‘sdnyoayd Juanbasqns
||e 40} Jeaday

Figure 8. Developed algorithm to suggest changes in the treatments.

3.5. Limitations and Future Works

This study faced several limitations that may have influenced the results. Firstly,
the number of participants was limited, and inconsistencies in material sharing among
participating centres hindered recruitment efforts. While the sample size was adequate for
generating preliminary insights and conducting exploratory analyses, such as clustering
and personalised treatment suggestions, we acknowledge that the relatively small cohort
may constrain the generalisability of the findings. This highlights the importance of future
studies involving larger and more diverse populations to validate the robustness and
clinical relevance of our approach. Another limitation was the limited variability in the
participants” body compositions. The sample included predominantly normal-weight and
overweight individuals, with relatively few obese participants. This uneven distribution
may have restricted the clinical inferences that could be drawn. A broader range of body
types would enhance the depth and reliability of the analysis. Lastly, the collection of
photographic data proved challenging. The beauty industry currently lacks standardised
methods for capturing and documenting visual outcomes, which in turn limits the potential
for objectively evaluating treatment effectiveness. To address this, improved training
for operators is essential—not only to ensure consistent tracking of results, but also to
encourage a more holistic health-focused approach, ideally in collaboration with medical
professionals and nutritionists.

Future research must greatly expand both the number of individuals and the vari-
ability to provide generalisation and scalability in different situations. Additionally, a
second campaign to validate and refine the treatment suggestion algorithm’s performance
should be done. This will allow us to further evaluate its effectiveness and robustness in
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different patient populations. From a clinical and aesthetic perspective, it will be essential to
investigate whether and how the implementation of this therapy personalisation algorithm
has affected the end outcomes. Additionally, expanding the range of therapy options and
delving deeper will be interesting. Lastly, creating Al algorithms that can recommend the
optimal course of action based on a client’s photo is a novel approach comparable to those
used in other fields of aesthetic medicine.

4. Conclusions

Cosmetic procedures are increasingly being embraced not only to enhance physical
appearance but also to promote overall well-being. Today, individuals are often driven by
both medical and aesthetic motivations when seeking such treatments. This dual purpose
highlights the importance of integrating clinical and cosmetic goals within a single, cohesive
approach. By studying a group of individuals, we have demonstrated how physiological
responses to specific stimuli are reflected in their body composition. Advanced technologies
have shown strong potential in delivering results that are both medically beneficial and
aesthetically satisfying. To further underscore the health-related value of these procedures,
we have developed an algorithm that recommends and personalises cosmetic treatments,
aiming to optimise both clinical effectiveness and aesthetic appeal. The integration of artificial
intelligence enhances the precision and adaptability of these technologies, enabling a more
targeted and physiologically informed application. This innovative approach represents
a significant breakthrough—the first of its kind in the field. It lays the groundwork for
the future of personalised care, where state-of-the-art protocols and intelligent algorithms
converge to achieve superior outcomes in both health and appearance. Ultimately, it sets a
new standard for the intersection of medical science and aesthetic practice.
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Abbreviations
The following abbreviations are used in this manuscript:
Al Artificial Intelligence BMI Body Mass Index
DSS Decision Support System ECW Extracellular Water
BIA Bioelectrical Impedance Analysis MM Muscle Mass
TBW Total Body Water M Fat Mass
FFM Fat Free Mass BCM Body Cell Mass
ICW Intracellular Water W/H Waist to Hip ratio
BM Basal Metabolic Rate
Appendix A
Table Al. Normal weight.
Variable Check Up 1 Check Up 2 Check Up 3 Check Up 4 Check Up 5
FM 15.97 (13.65-18.29) 15.25 (12.97-17.53) 16.01 (13.86-18.16) 15.09 (13.21-16.98) 15.65 (14.05-17.26)
FFM 43.24 (37.87-48.62) 44.07 (41.61-46.53) 44.67 (41.55-47.79) 46.10 (43.58-48.62) 45.34 (42.87-47.82)
MM 21.46 (19.49-23.43) 20.91 (19.07-22.74) 20.74 (18.22-23.25) 22.57 (20.87-24.26) 21.93 (20.33-23.54)
BCM 21.33 (20.00-22.66) 20.92 (19.73-22.12) 19.81 (16.76-22.86) 21.73 (20.55-22.92) 21.38 (20.21-22.54)
TBW 33.05 (30.30-35.80) 32.44 (29.68-35.20) 32.10 (28.52-35.67) 34.55 (32.32-36.79) 33.67 (31.39-35.95)
ICW 18.91 (17.20-20.61) 18.45 (16.95-19.95) 18.39 (16.33-20.45) 19.73 (18.33-21.12) 19.25 (18.11-20.40)
ECW 14.37 (13.22-15.53) 15.92 (11.43-20.41) 13.70 (12.11-15.29) 14.23 (12.28-16.19) 14.59 (13.42-15.76)
BMI 22.68 (21.81-23.55) 22.19 (21.34-23.04) 22.54 (21.71-23.37) 22.71 (21.90-23.51) 22.64 (21.76-23.53)
Metabolism  1171.93 (1023.13-1320.72)  1235.50 (1208.68-1262.33)  1268.29 (1211.10-1325.48) 1264.39 (1231.61-1297.18)  1258.06 (1224.26-1291.85)
Waist 78.50 (74.42-82.58) 71.04 (66.28-75.79) 73.03 (68.18-77.88) 73.29 (68.52-78.06) 73.00 (67.80-78.20)
Hip 100.06 (95.63-104.50) 94.57 (89.76-99.38) 94.12 (88.50-99.75) 94.82 (89.14-100.51) 94.50 (88.51-100.49)
Height 164.25 (161.35-167.15) 163.57 (160.43-166.72) 164.12 (161.14-167.11) 164.18 (161.39-166.96) 164.18 (161.39-166.96)
W/H 0.77 (0.75-0.80) 0.75 (0.72-0.78) 0.78 (0.75-0.81) 0.77 (0.75-0.80) 0.77 (0.74-0.80)
Age 33.75 (29.80-37.70) 33.79 (29.45-38.13) 33.50 (29.72-37.28) 32.59 (28.56-36.62) 32.59 (28.56-36.62)
Table A2. Overweight.
Variable Check Up 1 Check Up 2 Check Up 3 Check Up 4 Check Up 5
FM 21.53 (11.50-31.56) 23.20 (15.48-30.91) 22.18 (12.57-31.78) 28.11 (18.90-37.31) 25.43 (18.27-32.59)
FFM 47.70 (39.78-55.63) 46.62 (40.25-52.98) 47.95 (40.80-55.09) 42.61 (38.00-47.23) 45.99 (38.15-53.84)
MM 22.48 (17.15-27.81) 23.38 (18.83-27.93) 23.10 (18.77-27.43) 20.10 (17.80-22.40) 21.72 (17.78-25.67)
BCM 22.49 (18.75-26.22) 21.98 (18.98-24.98) 22.61 (19.24-25.98) 20.09 (17.91-22.27) 21.69 (17.99-25.38)
TBW 35.54 (28.65-42.43) 32.77 (21.35-44.19) 36.44 (31.42-41.46) 32.77 (29.86-35.69) 34.82 (30.55-39.08)
ICW 19.66 (15.11-24.21) 20.10 (16.28-23.92) 20.21 (16.74-23.69) 17.52 (15.57-19.46) 19.17 (16.63-21.70)
ECW 15.88 (13.21-18.55) 16.42 (14.37-18.47) 16.23 (14.35-18.10) 15.26 (13.62-16.91) 15.65 (13.76-17.54)
BMI 27.64 (26.09-29.19) 26.75 (25.29-28.20) 27.03 (25.08-28.98) 27.50 (25.03-29.96) 27.78 (25.44-30.13)
Metabolism  1421.39 (1231.14-1611.64) 1394.48 (1270.41-1518.55)  1437.41 (1278.50-1596.32) 1342.70 (1203.28-1482.12) 1402.44 (1210.02-1594.86)
Waist 86.83 (82.46-91.21) 86.81 (83.29-90.33) 85.08 (81.41-88.76) 84.20 (77.15-91.25) 85.00 (79.73-90.27)
Hip 109.33 (105.97-112.70) 106.00 (102.34-109.66) 107.83 (103.77-111.89) 106.60 (100.74-112.46) 108.00 (102.66-113.34)
Height 160.50 (154.14-166.86) 162.62 (157.15-168.10) 160.83 (154.66-167.00) 160.00 (152.35-167.65) 160.00 (152.35-167.65)
W/H 0.79 (0.76-0.82) 0.82 (0.78-0.86) 0.79 (0.76-0.82) 0.79 (0.75-0.83) 0.79 (0.77-0.81)
Age 34.33 (23.78-44.88) 34.12 (26.42-41.83) 35.00 (23.85-46.15) 38.40 (29.25-47.55) 38.40 (29.25-47.55)
Table A3. Obese.
Variable Check Up 1 Check Up 2 Check Up 3 Check Up 4 Check Up 5
M 4743 (46.53-48.34) 45.08 (44.22-45.94) 45.17 (42.96-47.39) 43.81 (42.36-45.26) 44.72 (39.46-49.99)
FFM 39.00 (38.47-39.52) 40.64 (39.47-41.82) 41.04 (38.83-43.25) 40.34 (39.56-41.13) 40.85 (38.59-43.10)
MM 19.85 (19.33-20.37) 20.36 (19.62-21.10) 20.94 (20.25-21.62) 20.88 (20.04-21.72) 20.92 (20.21-21.63)
BCM 18.19 (17.82-18.56) 19.25 (18.57-19.93) 19.22 (18.12-20.33) 19.26 (18.81-19.71) 19.23 (18.10-20.36)
TBW 32.87 (31.85-33.88) 34.04 (32.51-35.57) 34.10 (31.96-36.24) 33.64 (32.90-34.37) 34.15 (32.31-35.98)
ICW 17.39 (17.04-17.73) 17.91 (17.18-18.65) 18.35 (17.12-19.58) 17.90 (17.50-18.30) 18.07 (17.15-19.00)
ECW 15.20 (14.47-15.93) 15.69 (14.99-16.39) 15.59 (14.81-16.38) 15.85 (15.57-16.14) 16.08 (15.17-16.99)
BMI 33.17 (30.19-36.16) 32.97 (30.30-35.65) 32.90 (30.34-35.46) 32.61 (30.11-35.11) 32.62 (30.36-34.87)
Metabolism  1419.70 (1418.27-1421.14) 1440.83 (1437.86-1443.80) 1434.57 (1421.35-1447.80) 1201.75 (587.35-1816.16) 1434.78 (1430.75-1438.82)
Waist 113.75 (112.71-114.79) 115.00 (112.52-117.48) 114.08 (110.93-117.24) 111.08 (107.93-114.24) 104.38 (102.33-106.42)
Hip 121.25 (118.40-124.10) 120.79 (118.40-123.19) 120.29 (117.77-122.81) 118.29 (115.77-120.81) 114.46 (111.45-117.47)
Height 157.83 (153.94-161.73) 157.83 (153.94-161.73) 157.83 (153.94-161.73) 157.83 (153.94-161.73) 157.83 (153.94-161.73)
W/H 0.93 (0.91-0.95) 0.95 (0.94-0.96) 0.95 (0.94-0.96) 0.94 (0.93-0.95) 0.91 (0.90-0.93)
Age 31.17 (24.82-37.51) 31.17 (24.82-37.51) 31.17 (24.82-37.51) 31.17 (24.82-37.51) 31.17 (24.82-37.51)
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Table A4. Clustering metrics.
Check-Up 1 Check-Up 2 Check-Up 3 Check-Up 4 Check-Up 5
Metrics

K=2 K=3 K=4 K=2 K=3 K=4 K=2 K=3 K=4 K=2 K=3 K=4 K=2 K=3 K=4

Calinski-Harabatz 80.50 157.23 187.65 64.40 78.39 99.63 68.91 76.96 101.33 163.76 457.41 567.42 77.38 69.19 82.22

Davis-Boulding 0.08 0.37 0.26 0.48 0.32 0.43 0.54 0.55 0.56 0.068 0.27 0.48 0.46 0.50 0.62

Table A5. Biometric data for the three paths (Path 1, 2, and 3).
Path C M FFM MM BCM TBW ICW ECW BMI BM WAIST HIP HEIGHT W/H AGE

Cl 1713 +3.3 39.20+9.8 19.16 £22 19.76 +1.22 3020329 1721+199 13.05+155 23.72+2.14 1223.19 +47.34 78.27 +7.32 101.54 + 727 15945 +4.65 0.76+0.04 3427 +7.55

C3 1253+757 5261 +1245 2832+9.47 2581+445 4244+13.05 2433+821 31.61+1425 24.65+0.77 1481.88+300.25 100.00 +14.1 76.0 +18.3 1625+353 0.75+0.07 225+6.36

Path1l C3 17.7+3.55 41.13+239 1833 +3.27 1757 +558 28.85+4.55 1638+235 1246+237 2253+1.96 1250 + 120 9145 +10.7 69.63 +7.73 161.8 £ 5.2 0.76 £ 0.05 32 +6.40
Cl 1722+358 42.01+248 19.99+1.67 19.81+1.17 31.31+2.09 1766+131 1255+3.84 2291+1.96 1233.6 + 33.92 92.18 +11.40 70.31 + 8.53 161.09 +6.31 0.76 £0.05 32.63 +7.04
Cl 1658+3.69 4196+286 1998+2.07 19.78+1.35 31.16 £ 2.5 1793 +£159 1347 +154 22.72+2.20 1229.3 + 2.20 915+ 1141 69.33 £7.93 160.83 + 6.08 0.76 +0.05 32.83 +6.75
C2 1642+77 5048 +5.41 2478 +3.62 2390+245 37.63+521 21.37+359 1655+157 23.92+3.17 1249.31+417.77 8250 +7.67 102.5 +£9.25 167.60 +3.65 0.79 £0.03 32.40 +8.24

Cl 1630+454 4413+477 21.11+£3.26 21.11+225 20.81+4.62 3281+258 1421+224 2288+2.01 1249.96 +60.61 96.7 + 813 74.88 + 9.66 163.23 +6.44 0.77 +0.05 35+7.32

Path2 C1 1622+722 50.8 £ 5.05 2498 +3.29 2398 +238 3823+4.72 21.83+296 1640 +2.06 24.6 +2.48 1383 + 139.07 103.4 + 6.93 82.7 £ 6.22 165 + 6.25 0.80+0.03 349+9.10
C3 1537 +6.47 4986+354 2497 +238 2351+1.69 38.01+279 21.73+197 1649 +1.28 23.60+2.20 1320.7 + 90.83 101.1 £ 7.92 79.72 £ 7.39 165.8 £459 0.78 +0.04 34.44+9.26

C3 18.18+6.37 50.31+£3.18 2474+1.70 23.72+150 37.77+232 21.13+126 16.64+152 34.69+281 13634 +124.14 103.94+7.65 82.88 + 7.65 166.66 + 3.57 0.79+0.04 34.1+9.29
C3 4523 +587 3942+121 19.82+045 1841+0.68 3294+090 1738+0.29 1532+0.72 3251+3.13 1407.02+3356 110.50+8.64 120.35+3.42 15828 +3.59 091 +0.05 33.14+7.60

C2 40.82+652 42.01+£288 20.69+159 19.87+136 30.88+1056 1795+1.30 1595+0.93 31.56+291 1431.63 +4648 11697 +6.33 106.0+13.62 159.77+4.29 090+0.07 325+6.72
Path3 C2 4332+32 41.13+193 20.64+096 1928+0.97 33.85+196 1815+1.18 1557 +0.68 32.28+2.76 1419 + 42.39 119.25+3.52 110.07 £ 1096 15828 +3.59 0.92+0.07 33.14+7.60
C2 4151+445 4097 +151 2058+1.06 1949+066 3332+0.85 1755+0.71 1585+0.36 31.74+257 12453 +502.01 116.34+4.34 105.31+11.18 159.12+4.06 090+ 0.06 33.0+7.05
C2 427 +7.04 41.35+238 20.63+0.97 1947 +1.17 3391 +1.7 18.01 £0.81 1590+091 32.09 +2.40 1426 + 22.40 114.25 +2.67 102.03 +6.43 15828 +3.59 0.89 +0.05 33.14 +7.60




Cosmetics 2025, 12, 94 16 of 18

<
13

15

Silhoustts score
Silouette score

°
&

I3
5

2 34 58 708 9 LB

(a) First Checkup (b) Second Checkup (c) Third Checkup

.
o5

Silhoustts score

(d) Fourth Checkup (e) Fifth Checkup

Figure A1. Silhouette scores.

nnnnnnnnnnnnnnnnnnnnnnnnn

(c) Fifth checkup (d) Last checkup

Figure A2. Treatment suggestion made by the personalization algorithm on the diagram.
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